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Multimodal computational
modeling of EEG and artistic
painting for exploring the
stress-relief mechanism of urban
green spaces

Tang Bei*

Suzhou University College of Arts and Design, Suzhou, Anhui, China

Introduction: Multimodal learning has recently opened new possibilities
for integrating semantic understanding into creative domains, and models
like Contrastive Language-lmage Pretraining (CLIP) provide a compelling
foundation for bridging text-image relationships in artistic applications. However,
while CLIP demonstrates exceptional capabilities in image-text alignment, its
application in dynamic, creative tasks such as freehand brushwork painting
remains underexplored. Traditional methods for generating artwork using neural
networks often rely on static image generation techniques, which struggle
to capture the fluidity and dynamism of brushstrokes in real-time creative
processes. These approaches frequently lack the interpretive flexibility required
to respond to real-time textual prompts with spontaneous, expressive outcomes.
Methods: To address this, we propose ArtCLIP, a novel framework that
integrates CLIP with an attention fusion mechanism to facilitate dynamic
freehand brushwork painting. Our method utilizes CLIP’s ability to interpret
textual descriptions and visual cues in tandem with an attention-based fusion
model, which enables the system to modulate brushstrokes responsively and
adjust painting styles dynamically based on evolving inputs.

Results and discussion: We conduct extensive experiments demonstrating
that ArtCLIP achieves significant improvements in real-time artistic rendering
tasks compared to baseline models. The results show enhanced adaptability to
varying artistic styles and better alignment with descriptive prompts, offering a
promising avenue for digital art creation. By enabling semantically driven and
stylistically controllable painting generation, our approach contributes to a more
interpretable and interactive form of Al-assisted creativity.

KEYWORDS

clip, attention fusion, dynamic brushwork, real-time painting, Al art generation

1 Introduction

Creating dynamic freehand brushwork painting using AI has become an increasingly
important area of research due to its potential to bridge the gap between human creativity
and computational assistance (Feng, 2023). The challenge of generating freehand-style
artwork dynamically, as in traditional brush painting, requires sophisticated modeling of
both visual and semantic content. Not only does this task involve capturing the fluidity and
expressiveness of brushstrokes, but it also requires an understanding of the contextual and
compositional elements of the artwork (Zou, 2023). Moreover, developing such systems not
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only enhances artistic creativity but also opens new avenues for
interactive Al applications in creative industries, from digital art
creation to education and entertainment (Gui, 2022).

In the early stages of computer-generated artwork, symbolic
AT and knowledge representation techniques were the dominant
methods for creating visual compositions (Gui, 2022). These
approaches relied heavily on predefined rules and logical structures,
where visual elements like lines, shapes, colors, and textures
were encoded into symbolic representations. For example, an
artist might describe a circle as a geometric form with specific
parameters such as radius, color, and position, and the AT would use
these symbols to recreate the visual (Fan, 2024). Rule-based logic
allowed computers to assemble these symbols into simple forms
of visual art, often resembling abstract or geometric designs (\Wu,
2023). However, the inherent rigidity of symbolic systems made
it challenging to capture the nuances of human creativity,
particularly in art forms that required fluidity and subtlety, such
as freehand brushwork or complex abstract painting. One of the
core limitations of symbolic Al in the realm of art generation was
its dependence on handcrafted rules and expert knowledge. For
the system to function effectively, it required a deep understanding
of both the visual elements it was working with and the aesthetic
principles behind them (Zheng and Zhao, 2023). This dependency
created bottlenecks in artistic diversity and expressiveness. While
symbolic AI could generate artwork based on logical constructs, it
struggled to replicate the spontaneity and improvisational nature
of human art (Sun, 2021). The structured rules that governed
its output lacked the flexibility to evolve organically, which is
often crucial in the creative process (Li et al., 2023). Furthermore,
the reliance on predefined parameters made it difficult for these
systems to generalize across various artistic styles, limiting their
application to niche areas of visual representation (Zhang, 2024).
For example, interpreting and generating abstract art, which
often defies traditional structures, was especially difficult for these
systems, as they were not equipped to handle the interpretative and
emotional layers that such art often entails.

To address the shortcomings of symbolic Al, researchers
turned to data-driven methods and machine learning (ML) as
an alternative approach to computational creativity (Chen, 2020).
Unlike symbolic AI, which was constrained by rigid rules, machine
learning models could learn from data, allowing them to infer
patterns and relationships between visual elements without relying
on explicit programming of these connections (Wang and Ni,
2023). By training models on large datasets of images, accompanied
by labels that described their content, machine learning systems
were able to “understand” and generate artwork in a more
flexible and adaptable manner (Li and Chen, 2021). For example,
a machine learning model trained on thousands of landscape
paintings could begin to synthesize new landscapes by identifying
common visual themes, such as the shape of mountains or the
colors of a sunset. This shift toward machine learning brought
a significant improvement in the ability to create artwork with
greater variability and less reliance on rigid structures (Gao and Xu,
2021). However, the fluidity and subtle imperfections characteristic
of dynamic brushwork remained a challenge. Machine learning
models, particularly early iterations, often excelled at replicating
structured patterns and repeating learned motifs, but they struggled
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to generate artwork with the intentionality and depth of human-
created paintings (Peng et al., 2024). The brushstrokes produced
by these models, for instance, often lacked the nuanced control
seen in traditional freehand painting, where the artist’s intuition
and personal touch play crucial roles. Moreover, machine learning
models still faced challenges related to the data they were trained
on Andrade (2022). For a model to learn a specific artistic style,
it required a significant amount of annotated data—something that
could be both labor-intensive and difficult to obtain, especially for
niche or abstract art styles. In cases where such data was sparse, the
models often failed to generalize, producing results that were either
too simplistic or too disconnected from the intended style (Tang
etal., 2017).

The advent of deep learning, particularly with models
(CLIP), has
revolutionized the field of computer-generated art (Huang et al.,

like Contrastive Language-Image Pretraining
2022). Unlike traditional machine learning models, which often
required vast amounts of domain-specific data to generate relevant
art, CLIP introduced a new paradigm by learning from both
images and text in a more holistic manner (Fu et al, 2021).
CLIP was designed to understand visual concepts in relation
to natural language, making it exceptionally versatile. Instead
of relying solely on visual data, CLIP could process text-based
prompts and generate images that were semantically aligned
with the descriptions. This ability to link language with visual
representation opened up new possibilities in the realm of creative
Al, particularly in generating diverse and semantically rich
artworks. CLIP’s ability to fuse language and image understanding
allows for far more nuanced and contextually relevant creations
than previous Al systems (Machuca et al., 2023). By leveraging
large-scale datasets that contain both images and corresponding
textual descriptions, CLIP can generate artwork that not only looks
aesthetically pleasing but also carries deep semantic meaning. For
instance, a prompt like “a surreal landscape with melting clocks”
would guide the AI to produce a scene inspired by Salvador Dali’s
iconic style, blending both the surrealistic visual motifs and the
conceptual underpinnings of the description. Moreover, deep
learning architectures equipped with attention mechanisms further
enhance the model’s capability to manage complex patterns and
layers of abstraction, allowing for more expressive and intricate art
generation. This is particularly useful when dealing with abstract or
multi-layered artistic concepts that require a deeper understanding
of both form and meaning (Zeng et al., 2024). However, despite
these advancements, challenges remain in achieving precise control
over individual brushstrokes. While deep learning models can
generate highly expressive and dynamic artwork, they still struggle
to maintain coherence over extended artistic processes, such as in
freehand painting. The fluidity required to produce continuous,
smooth transitions between strokes, which is central to traditional
painting techniques, is not easily replicated by even the most
advanced Al systems (Qi et al., 2024). The complexity of this task
lies in the fact that human painters often rely on intuition and
subtle motor skills, qualities that are difficult for current deep
learning models to emulate. Therefore, while CLIP and similar
models represent a significant step forward in the domain of
creative Al further research is needed to enhance the fine-grained
control required for truly lifelike brushwork in computational art.
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Recent EEG-based research has demonstrated the method’s
ability to capture not only emotional states but also perceptual
adaptation processes in response to environmental stimuli.
Pourghorban et al. (2025b) showed that short-term thermal
adaptation and alliesthesia are reflected in EEG dynamics,
particularly through modulations in alpha and theta bands
during rapid transitions and steady-state exposure. Their findings
support the notion that EEG can effectively trace sensory-
affective integration as the brain adjusts to new thermal
environments. Similarly, their fine-grained EEG analysis of
thermal perception emphasized the capacity of EEG to detect
localized neural responses associated with comfort evaluation
and perceptual transitions (Pourghorban et al., 2025a). These
insights are directly relevant to our study, as they reinforce
the interpretation that urban green space exposure may trigger
not only emotional responses but also fine-tuned perceptual
adaptation across sensory modalities. Thus, EEG responses in
our data may reflect a broader alliesthetic process involving
multisensory integration, contributing to the observed reduction in
perceived stress.

The feasibility of real-time stress evaluation has been
demonstrated through EEG-based signal processing. For example,
Purnamasari and Fernandya (2019) proposed a K-nearest neighbor
approach for detecting stress states and guiding meditation
Nirabi
et al. (2021) employed machine learning techniques to classify

interventions in real-time applications. Similarly,
stress levels from EEG features, highlighting the potential for
Katmah et al. (2021) further
provided a comprehensive review of EEG-based stress detection

signal-driven stress modeling.

methods, emphasizing physiological signal patterns associated
with mental strain. While these studies focus primarily on
real-time classification and stress quantification, they often lack
integration with expressive or perceptual outputs. In contrast,
this study goes beyond detection by embedding EEG-derived
stress signals into an interactive generative framework that
enables artistic expression of neurophysiological states. This
positions freehand painting not only as a passive reflection
of affect but as an intervention mechanism tightly coupled
with individual stress responses, particularly in natural green
space contexts.

To address the limitations of the previous methods, we
propose a novel approach that utilizes CLIP’s ability to map both
visual and linguistic information, combined with attention fusion
mechanisms to create dynamic freehand brushwork painting. This
approach leverages attention fusion to integrate semantic guidance
with the precision control needed for individual brushstrokes,
thereby overcoming the limitations of symbolic AT’s rigidity and
machine learning’s lack of expressiveness. By allowing the model
to attend dynamically to both global composition and fine-grained
details, we enhance the system’s ability to maintain coherence in
complex, freehand-style paintings. Our method reduces reliance
on large datasets by utilizing the pre-trained capabilities of CLIP,
making it more adaptable to various artistic styles without extensive
manual annotation.

e Our method introduces an innovative attention fusion module

that dynamically combines semantic and visual cues to
generate coherent and expressive brushstrokes.
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e It excels in multi-scenario adaptability, offering high efficiency
and generalization across different artistic styles, while also
being able to control the expressiveness of individual strokes.

e Experimentally, our approach demonstrates superior

performance in generating dynamic freehand brushwork,

maintaining both visual coherence and artistic fluidity across

diverse tasks.

2 Related work

2.1 Vision-language models in artistic
creation

The intersection of vision-language models and artistic creation
has become a prominent research area, particularly following the
success of models like Contrastive Language-Image Pretraining
(CLIP). CLIP’s ability to align images and textual descriptions in
a shared embedding space has opened up new possibilities for
automating and augmenting artistic processes (Zhang et al., 2024).
In this context, CLIPs bidirectional image-text representation
is leveraged to generate art that responds to or is guided
by text prompts. Various methods explore the integration of
vision-language models in creative domains, enabling dynamic
interactions between user inputs and model-generated responses.
In particular, generative models based on CLIP have been
used to transform textual descriptions into corresponding visual
outputs. Researchers have focused on generating stylized images,
synthesizing artwork, and even guiding artists in real-time by
matching brushstrokes with semantic meanings derived from text
prompts. CLIP provides a mechanism for aligning user-defined
input with high-level artistic goals extracted from language. This
alignment enables not only the generation of images but also
the dynamic modification of artwork as it is being created,
responding to ongoing textual or visual inputs (Wang et al., 2019b).
Another area of exploration within this domain is how vision-
language models can assist with freehand drawing and painting,
where user input takes the form of strokes or gestures. CLIP
can be integrated into neural networks that analyze and interpret
brushwork, enabling real-time adjustments to artistic creations
based on predefined goals (Chen et al., 2024). These models learn
to associate the structural aspects of freehand drawing, such as lines
and textures, with descriptive language, allowing artists to specify
their intended output through a combination of drawing and text
input. This has led to research focusing on interactive co-creation
systems where human artists and machine intelligence collaborate
dynamically.

2.2 Painting as an intervention medium:
EEG-based modeling perspective

Attention mechanisms have played a significant role in recent
advancements in neural networks, particularly in the domain of
sequence-to-sequence tasks such as translation, text generation,
and image captioning. In the context of artistic creation, attention
mechanisms are used to capture both local and global dependencies
in an image, which is essential for generating coherent and visually
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appealing artworks. By directing focus toward specific areas of
an image, attention-based models allow for finer control over the
generation process, enabling nuanced adjustments in real-time
based on the artistic intent of the user (Li et al., 2024). Within this
framework, attention fusion has emerged as a method to combine
multiple types of inputs, such as freehand brushwork and textual
descriptions, into a unified model. This fusion enables the system
to consider the importance of both the visual and linguistic aspects
of the input. For instance, a model could focus on the semantics of a
descriptive prompt while simultaneously attending to the precision
and dynamics of user-generated brushstrokes. Attention fusion
allows for a more natural blending of these two modalities, leading
to more cohesive and contextually relevant artistic outputs (Wang
et al,, 2019a). In dynamic freehand brushwork creation, attention
mechanisms allow the system to respond to subtle changes in the
artist’s input, enabling features such as stroke refinement or texture
enhancement in real time. For example, as an artist modifies a
brushstroke, the attention Adaptive Stroke Renderingan prioritize
those changes that align most closely with the textually defined
artistic goal, effectively creating a feedback loop where the system’s
attention adapts to both the visual input and linguistic constraints.
This leads to more interactive and fluid creative processes, where
the artist’s freehand inputs are dynamically modulated by the
attention-driven response from the model (Xu et al., 2024).

2.3 Interactive co-creation with neural
networks

The integration of neural networks into the creative process
has shifted from passive generation to interactive co-creation,
where human and machine collaborate in real time. This paradigm
shift emphasizes the role of the human user as a co-creator,
guiding the model through incremental inputs such as text,
brushstrokes, or other forms of artistic expression. In such systems,
the neural network adapts to user input, enabling a back-and-forth
dialogue between the artist and the machine, where both parties
contribute to the final artwork (Atzori et al., 2016). Interactive
co-creation systems typically rely on reinforcement learning or
other adaptive techniques to fine-tune the model’s outputs based
on ongoing user interactions. These systems must balance user
control with the model’s creative freedom, ensuring that the final
output reflects the artist’s vision while still benefiting from the
computational power and creativity of the neural network. In
dynamic freehand brushwork painting, this interaction is often
mediated by vision-language models like CLIP, which allow the
artist to steer the creative process using both natural language and
visual input (Wang et al., 2016). One key aspect of interactive co-
creation is the system’s ability to interpret and respond to subtle
cues from the artist, such as slight variations in brush pressure or
speed, as well as changes in the descriptive prompts guiding the
artwork. This requires real-time analysis of both the visual and
linguistic data streams, as well as the capacity to dynamically fuse
these inputs to generate art that is responsive and coherent (Hu
etal, 2024). By integrating attention mechanisms, neural networks
can focus on the most relevant aspects of the input, ensuring
that the system’s responses are aligned with the artists evolving
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vision. This allows for a more engaging and iterative creative
process, where the machine actively contributes to the artwork
while adapting to the artist’s ongoing input.

3 Method

3.1 Overview of multimodal freehand
painting pipeline

The rapid advancement in generative models has increasingly
facilitated creative processes across various forms of artistic
expression. Particularly, the intersection of computational
techniques and traditional art forms such as freehand brushwork
painting has opened up new avenues for both artistic exploration
and automation. In this work, we propose a novel approach
to synthesizing multimodal freehand brushwork paintings,
combining text, visual, and gestural inputs to guide the creative
process. Our method builds upon the current state-of-the-art
in multimodal generative models, integrating text-to-image
frameworks with additional modalities, such as stroke-based input,
to enable the generation of brushwork paintings that exhibit fine
stylistic detail and artistic coherence. This section provides an
overview of our methodology for generating freehand brushwork
paintings using multimodal inputs. In particular, we explore
how traditional brushstroke techniques can be replicated and
enhanced through a combination of deep learning techniques and
multimodal data fusion. The subsequent sections will delve into
the detailed components of our method, outlining the preliminary
concepts behind the model and the innovations that drive the new
painting generation pipeline (as shown in Figure 1).

In Section 3.2, this study lays out the key preliminaries
necessary for understanding the construction of our multimodal
freehand brushwork painting generation model. This includes a
discussion on how this study formalizes the generation process
and the core elements that guide our multimodal integration. This
study examines the role of text as a narrative-driven input, image
features as the basis for visual style, and hand-drawn strokes or
gestures that provide intricate control over the final output. These
elements are fused in a coherent framework that translates creative
intent into visually compelling outputs. In Section 3.3, this study
introduces our novel model architecture, designed to seamlessly
combine textual, visual, and gestural inputs. By leveraging a hybrid
approach that incorporates generative models such as diffusion-
based architectures and attention mechanisms, this study is able to
capture the unique qualities of brushwork painting. This section
will discuss how the model processes each modality and how
these inputs are dynamically integrated to produce brushstrokes
that are both fluid and expressive, closely mimicking the nuances
of human freehand drawing. In Section 3.4, this study describes
the new generation strategy that underpins the artistic generation
process. This strategy involves sophisticated cross-modal attention
sharing mechanisms that ensure the fidelity and consistency of
the generated paintings. This study focuses on how the system
intelligently controls the artistic parameters—including color,
texture, and brush pressure—based on the provided multimodal
inputs, thus allowing for fine-tuned control over the stylistic
features of the output. This study discusses how this strategy
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(a) Image and Text Representations

(b) Unified Model (c.1) Token-level training

(c.2)Sequence-level training

CLIP-based loss, respectively.
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FIGURE 1

The proposed ArtCLIP freehand painting creation framework. (a) Image and Text Representations: Input images and text are processed into dense
and discrete features. Images undergo clustering to obtain discrete features, while text is tokenized. (b) Unified model: a multimodal transformer
encoder is trained for two tasks: image-to-text (I—T) and text-to-image (T—1), optimized using cross-entropy loss. (c) Sequence-level training:
higher-level training includes generating images from text and generating text from images, using multiscale style adaptation optimization and

improves on existing methods by providing more nuanced control
over the generated art, and how it can be extended to support
various other painting styles beyond freehand brushwork.

To the
interdisciplinary readers, particularly those from psychology

improve accessibility of our framework for
and neuroscience backgrounds, this study introduces a conceptual
overview figure (see Figure 2) that illustrates the full pipeline of
ArtCLIP. This figure abstracts away technical details and highlights
the core flow: from environmental exposure to urban green spaces,
through EEG signal recording, to multimodal encoding (textual,
visual, and gestural inputs), fusion and generation via our NARN
and DCSS models, and ultimately stylized artistic output. This
high-level visual summary is intended to provide conceptual clarity
on how different modalities contribute to the system, aligning with
the broader goal of bridging computational modeling and affective
experience in natural environments.

3.2 Preliminaries

The problem of generating multimodal freehand brushwork
paintings can be formalized as a multimodal generative task,
where inputs from different modalities (text, visual style references,
and gesture strokes) are combined to produce a coherent and
artistically faithful painting. In this section, this study defines the
key components and formal structure of the problem, introducing
the necessary notation and mathematical framework to ground the
subsequent development of our model.

Let I € RF*WXC represent the final generated image, where H
and W denote the height and width of the image, and C represents
the number of color channels. Our goal is to synthesize I by fusing
multiple input sources: a text description T, a visual reference image
V, and a set of hand-drawn strokes or gestures G. The generation
process can be viewed as learning a function F that maps the
combination of these inputs to the final painting:

I=F(T,V,G:0) (1)

where 6 represents the learnable parameters of the model.
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FIGURE 2

Conceptual overview of the ArtCLIP pipeline. The system links
environmental exposure to stylized artistic generation via EEG
analysis and multimodal modeling.

The first input modality, the textual description T, provides
a high-level narrative that guides the overall composition of the
painting. We assume that T is given as a sequence of words or

phrases, denoted as T = {t1,t,,...,t,}, where each ¢; is a word
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embedding in a pre-trained language model space, such as BERT or
CLIP. The text is encoded into a latent representation zr € R,
where dr is the dimension of the textual embedding. This latent
vector captures the semantic meaning of the description, which will
guide the generation process by determining the thematic content
of the painting:

27 = Enciext(T) (2)

Enciext(-) denotes the text encoder, typically a

transformer-based model that captures both the syntactic

Here,

structure and semantic content of the input text.

The visual input V e RI>WvxCy serves as a reference image
that defines the stylistic elements of the final painting, such as
color palette, brush texture, and overall tone. This image can be
provided by the user or selected from a predefined database of
styles, each corresponding to a particular artistic technique . To
extract meaningful features from the reference image, we use a
deep convolutional neural network (CNN) to produce a latent
representation zy € R%, where dy is the dimension of the visual
embedding:

zy = Encimage(v) (3)

This encoding captures the low-level visual features and high-
level style characteristics, which will influence the visual appearance
of the generated brushstrokes.

The sequence G is transformed into a latent embedding z; €
R9G, which encodes the structural information of the gestures:

G = Encgesture(G) (4)

This embedding captures the essential information about the
flow, shape, and dynamics of the strokes, which directly impacts
the composition and layout of the painting.

To combine these diverse input modalities, this study proposes
a multimodal fusion mechanism that integrates the textual, visual,
and gesture embeddings into a unified latent space. The fused
representation zggjon € RY is given by:

Zfysion = ffusion (ZT> Zy, ZG) (5)

where ffysion 18 @ neural network designed to combine the different
embeddings into a cohesive representation. The fusion network is
responsible for aligning the semantic content from the text with the
visual style and structural layout provided by the gestures.

In practice, the fusion process can be implemented using cross-
attention mechanisms or other interaction models that allow the
network to dynamically attend to different modalities during the
generation process. For example, the attention mechanism can be
used to emphasize certain stylistic features from zy based on the
thematic information in z7, while adjusting the brushstroke layout
according to zg.

3.3 BrushFusionNet: a multimodal
brushwork generation model

In this section, this study introduces BrushFusionNet, a novel
generative model designed to synthesize multimodal freehand
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brushwork paintings by effectively integrating textual, visual,
and gestural inputs. The model is architected to capture the
intricate details of brushstroke-based painting styles while offering
fine-grained control through multimodal fusion. BrushFusionNet
is built on a hybrid architecture combining attention-based
mechanisms with generative diffusion processes to generate high-
quality, stylistically consistent paintings that align with the user’s
input.

3.3.1 Model architecture

The architecture of BrushFusionNet leverages a sophisticated
multimodal encoder-decoder framework to synthesize coherent
artworks by processing inputs from text T, visual references V,
and gesture inputs G. The system is designed to create an output
painting I, which harmonizes all input modalities. BrushFusionNet
comprises several key components:

1. Multimodal encoders: each modality is equipped with
its own encoder, which is responsible for transforming the
raw inputs into latent representations that can be effectively
merged later in the process. These encoders are designed to
capture modality-specific characteristics, ensuring that each input
is fully represented in a high-dimensional latent space (as shown
in Figure 3).

e The text encoder Enciey(T) takes the textual input T, which
typically consists of descriptive or conceptual information
related to the artwork. It employs layers of token embedding,
positional encoding, and transformer blocks to process and
encode the sequence of words. The resulting latent vector zt
encapsulates the semantic meaning of the text, which guides
the visual synthesis by conveying conceptual instructions such
as objects, scenes, and stylistic directions. Mathematically, we
can express this encoding as:

27 = frext(T) = Transformer(E(T) + P(T)) (6)

where E(T) is the embedding of the input text and P(T)
represents the positional encoding to capture word order.

e The visual encoder Encimage(V) is designed to process visual
reference images V, which could provide color schemes,
stylistic patterns, or compositional elements. This encoder
consists of convolutional layers followed by pooling and
transformer-based attention mechanisms to extract both local
and global features of the image. The output zy represents
the stylistic features of the visual input, encapsulating texture,
color, and compositional structure. The encoding process can
be formalized as:

Zy = Zimage(V) = AttentionCNN(V) (7)
where AttentionCNN(V) applies attention mechanisms on
top of convolutional feature maps to enhance feature
extraction from complex visual patterns.

2. Cross-modal fusion via attention mechanism: the core

of BrushFusionNets architecture is the cross-modal attention
mechanism, which integrates the different latent representations
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FIGURE 3

The structure of the multimodal transformer encoders. (a) Text encoder: processes the input text using layers of normalization (LN), attention
mechanisms (Attention), and multilayer perceptrons (MLP), with progressive upsampling to increase resolution. (b) Visual encoder and gesture
encoder: the visual encoder processes visual data using adaptive instance normalization (AdalN) and double attention mechanisms (DoubleAtt); the
gesture encoder handles gesture information, generating RGB output, which is combined through weighted fusion for the final output.
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from the text, visual, and gesture encoders. This mechanism is
designed to enable the model to selectively focus on different
aspects of the input based on the current requirements of the task.
For instance, when finer details such as the shape or structure
of objects need to be captured, the model dynamically assigns
greater attention to the gesture input. On the other hand, when
the painting’s style or color palette is more important, the attention
shifts toward the visual input. The text input helps to guide
the overall composition by providing semantic context, and its
importance can vary depending on the instructions embedded in
the text.

The fusion process is governed by a multi-head attention
across all

mechanism that operates input modalities. It

learns to generate attention scores for each modality,

determining how much influence each modality should have
on the final representation. This process can be represented

Frontiersin Psychology

mathematically as:

n

Ztusion = CrossAttention(zr, Zv, Zgsion = Z Wz +whzy +wezg

i=1
where w7, wy,, and wy; are the attention weights corresponding to
the i-th head of the multi-head attention mechanism, and ziT, zi/,
zi, represent the respective latent vectors in that head.

The multi-head attention mechanism enables the model to
consider different aspects of the input simultaneously, allowing
for both fine-grained detail from gestures and high-level semantic
or stylistic information from text and visual data. The final
fused latent representation Zzgo, is a weighted combination
of all three modalities, ensuring that the generated artwork
I reflects a balanced integration of composition, style, and
fine details.
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This cross-modal attention mechanism operates in an iterative
fashion. At each iteration, the attention mechanism updates
the fused latent representation by re-calculating the attention
weights and adjusting the importance of each modality based on
the evolving representation. This iterative refinement allows the
model to progressively enhance the coherence and resolution of
the artwork, capturing subtle details while maintaining stylistic
consistency.

To facilitate efficient learning, the attention mechanism also
incorporates residual connections and layer normalization after
each iteration, ensuring stable gradient flow during training and
preventing the model from collapsing into focusing too much on
any single modality. Mathematically, this process can be expressed
as:

Zﬁlf])
usion

= LayerNorm( (0 + CrossAttention(zg{),z(‘p,zg))) 9)

Zfusion

where [ represents the current layer of the model, and the residual
connection ensures that information from the previous layer is
preserved.

By employing multiple layers of cross-modal attention,
BrushFusionNet is able to gradually refine the fused representation
and ensure that the final output I reflects the intended artistic
expression. This fusion mechanism not only enables the model to
produce visually coherent and semantically meaningful artworks
but also allows for flexible control over how each modality
contributes to the final synthesis, depending on the task and user
inputs.

3.3.2 Diffusion-based generative decoder

The fused latent representation zgo, is then passed into
a diffusion-based generative decoder, a key component of
BrushFusionNet. Diffusion models have shown remarkable success
in generating high-quality images by learning to reverse a noisy
corruption process. In BrushFusionNet, we utilize a conditional
diffusion model that incrementally refines the painting, starting
from a noisy version and guided by the fused latent representation
Zfusion- Lhis allows the system to generate complex, high-quality
artworks that faithfully integrate the text, visual, and gesture inputs.

The process begins with a noisy initial image xr at the initial
time step T, where the initial noise is sampled from a Gaussian
distribution x7 ~ N(0,1). This noisy image represents the starting
point for the reverse diffusion process, which progressively denoises
the image by conditioning each step on the multimodal latent code.
The denoising process is iterative, where at each step ¢, the model
predicts the denoised image x;—; from the current noisy image x;,
using the guidance provided by Zg;sion-

This process can be formalized as:

Xt—1 =fgen(xt) Zfusion; Ot) (10)

where fgen(-) is the generative function parameterized by 6y,
which is a time-dependent function that conditions the denoising
process on both the noisy image x; and the fused multimodal
latent representation Zggo,. The parameters 6; control how the
multimodal input guides the generative process, ensuring that the
denoising operation incorporates the artistic intent conveyed by the
text, visual reference, and gesture.

Frontiersin Psychology

10.3389/fpsyg.2025.1547947

The reverse diffusion process is designed to gradually reduce
the noise in the image, moving it step by step toward a fully
synthesized painting. At each time step t, the model applies
the denoising function, progressively incorporating more details,
colors, and structure derived from the multimodal latent code. The
multimodal guidance ensures that the artistic elements, such as
style from the visual input, semantic content from the text, and
layout from the gestures, are accurately reflected in the generated
painting.

The diffusion model can be seen as solving a conditional
denoising problem, where the target is to predict the clean image
xp by minimizing the difference between the predicted image
at each step and the ground-truth clean image. The objective
function can be formulated as a loss function that accumulates the
reconstruction error over all time steps:

T
2 2
Lgiftusion = ZEXt,qusion [”xtfl — X1l ] (11)
t=1

where X;_; is the model’s prediction at each time step, and the
expectation is taken over the noisy images x; and the fused
representation Zgon. This loss function encourages the model
to accurately denoise the image at each step while maintaining
coherence with the multimodal input.

The diffusion process continues until the final step t = 0, where
the model outputs the fully synthesized painting:

I=x (12)

At this point, the noise has been completely removed, and the
painting I captures the artistic elements and details as instructed by
the multimodal inputs zr, zy, and zg. The result is a high-quality
artwork that harmonizes the content from the text, the style from
the visual reference, and the structure from the gestures.

The reverse diffusion process is computationally efficient due to
the use of time-dependent parameters 6, which adaptively adjust
the generation process based on the current state of the image and
the encoded inputs. This allows the model to progressively refine
the painting without introducing artifacts or losing important
details. The model can also be trained with techniques such as
noise scheduling or importance sampling, which further optimize
the performance by focusing more on the time steps that are most
critical for image generation. Thus, the diffusion-based generative
decoder plays a crucial role in BrushFusionNet, ensuring that the
final painting reflects a well-balanced integration of the multimodal
inputs, producing detailed and stylistically coherent results.

3.3.3 Adaptive stroke rendering

An essential feature of BrushFusionNet is its ability to
adaptively render brushstrokes based on both the gesture input
G and the visual style V. To achieve this, this study introduces
an adaptive rendering module that dynamically adjusts the
brushstroke parameters according to the encoded inputs. The
primary objective of this module is to blend the gestural control
provided by the user with the stylistic elements extracted from the
visual reference, ensuring that the resulting brushstrokes reflect
both the artistic intent and the reference style.
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The gesture embedding z encodes spatial and motion-related
information, capturing details such as stroke direction, speed, and
pressure, which define the physical aspects of the brushstroke.
Meanwhile, the visual embedding zy encodes stylistic attributes
such as color palette, texture, and brush patterns. Together,
these embeddings inform the stroke rendering process, allowing
BrushFusionNet to generate expressive and varied brushstrokes.

For each stroke g; € G, the model predicts a set of rendering
parameters r;, which dictate the dynamics of the stroke during the
generation process. These parameters control key aspects of the
stroke, such as its thickness, opacity, texture, and color, and are
computed as a function of the gesture input, the visual embedding,
and the fused latent representation:

r; :frender(gsz’zG; 0) (13)
where frender is the rendering function parameterized by 0, which
takes as input the individual stroke g;, the visual embedding zy,
and the gesture embedding z¢. This function combines the stylistic
and gestural information to determine the rendering properties of
the stroke.

Each component governs a specific characteristic of the
brushstroke:

° r}hiCk"eSS controls the width of the stroke, allowing for variation
in line weight based on the pressure of the gesture and the
stylistic preferences derived from the visual reference.

rfpaaty adjusts the transparency of the stroke, enabling effects
such as layering or blending with existing strokes.

color

o 7 determines the stroke’s color, which is dynamically

chosen based on the color palette encoded in zy.

o i applies texture to the stroke, capturing the brush
patterns and surface irregularities observed in the reference

image.

The adaptive rendering process is iteratively applied to each
stroke g;, ensuring that the model can produce a sequence of strokes
that are both stylistically coherent and responsive to the user’s
input. At each step, the rendering function frender updates the stroke
properties based on the evolving fused latent representation and
the real-time gesture input, providing a dynamic and fluid painting
experience.

To further refine the rendering process, the model employs an
attention mechanism that allows it to selectively focus on different
elements of the gesture and visual embeddings. This ensures that
subtle variations in the user’s gestures, such as changes in pressure
or speed, are captured and reflected in the brushstrokes, while
maintaining consistency with the overall style dictated by the visual
reference. The attention mechanism is applied as follows:

a; = Attention(g;, zv, 2g) (14)
where o; represents the attention weights that modulate the
influence of the gesture and visual inputs on the stroke rendering.
The final rendering parameters r; are then computed as a weighted
combination of the inputs, ensuring that the generated strokes are
expressive and consistent with both the gestural control and the
visual style.
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3.3.4 Loss function

The training of BrushFusionNet is driven by a multi-objective
loss function designed to ensure that the generated paintings
are semantically accurate, stylistically faithful, and structurally
coherent. The total loss £ is a weighted combination of the
following components: - Reconstruction Loss Ly.c: Ensures that the
generated painting closely matches the target image, defined as the
pixel-wise difference between the ground truth painting and the
generated output.

Lrec = [Herue — Igen”2 (15)

- Perceptual loss Lperc: encourages the model to generate paintings
that are perceptually similar to the reference image, using features
extracted from a pre-trained network:

['perc = [|¢(Ttrue) — ¢(Igen)”2 (16)

- Adversarial loss L,q,: utilizes a discriminator network to
encourage the generated paintings to be indistinguishable from real

brushwork paintings:
Lagv = Ej,,, [log(1 — D(Igen))] + Ej,, [log D(Irue)] (17)
These losses are combined as follows:
L = hrecLrec + MpercLperc + hady Ladv (18)

where Arec, Aperc, and A,4y are weights that balance the different loss
terms during training.

3.4 Stroke-aware multimodal synthesis
strategy

In this section, this study introduces the Stroke-Aware
Multimodal Synthesis Strategy (SAMS), a novel approach
employed by BrushFusionNet to intelligently combine diverse
inputs—text, visual references, and gestures—into a unified artistic
output. The SAMS strategy is designed to address the inherent
challenges in fusing multimodal data, such as preserving the
semantic meaning of the text, maintaining stylistic coherence
from the reference image, and accurately reflecting the structural
guidance provided by gestures or strokes.

3.4.1 Dynamic attention-based fusion

The core idea behind Selective Attention Modulation System
(SAMS) is to dynamically modulate the contribution of each
modality during the painting generation process. This dynamic
fusion mechanism is critical for ensuring that the synthesized
painting accurately reflects the user’s creative intent while
maintaining artistic coherence. Unlike traditional multimodal
synthesis approaches that rely on rigid, fixed-weight fusion
methods, SAMS introduces an adaptive attention-based fusion
mechanism. This approach enables the model to prioritize different
modalities based on the context and stage of the painting, allowing
for more nuanced and responsive synthesis (as shown in Figure 4).

At each stage of the painting process, the current latent
representation of the painting Zcyrrent is used to compute attention
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FIGURE 4
The structure of selective attention modulation system. The figure shows the dynamic fusion mechanism in the encoder-decoder architecture,
which adaptively adjusts the contribution of different modalities through the dynamic fusion module and attention mechanism to ensure that the
generated image conforms to the user’s creative intent and artistic style.

scores for each modality. These attention scores dynamically
adjust the influence of the text, visual reference, and gesture
inputs. The adaptive nature of these attention weights allows the
model to balance the content, style, and structure, ensuring that
the generated artwork remains consistent with both the user’s
instructions and the stylistic reference. Let o, av, oG represent the
attention weights for the text T, visual reference V, and gesture
input G, respectively. These attention weights are computed based
on the current state of the painting representation Zcyrrent, as well
as the individual latent representations zr, zy, and zg of the text,
visual, and gesture inputs. The attention weights can be expressed
as:

ar,ay, o = AttentionWeights(Zcurrent> Z1> Zv> 2G) (19)

where the function AttentionWeights dynamically computes the
importance of each modality by considering the relevance of each
modality’s representation to the current state of the painting. The
model learns these attention weights during training, allowing it to
adaptively adjust the contributions of each modality in real time.

Once the attention weights o7, oy, and o are determined,
they are used to compute the final fused latent representation
Zfysion- The fusion process involves weighting each modality’s latent
representation by its corresponding attention score and combining
them to produce the updated fused representation:

Zfusion = OTZT + AVZV + XGZG (20)

This dynamic fusion ensures that the synthesized painting
reflects the stylistic features encoded in the visual reference, the
structural information provided by the gesture input, and the
semantic meaning conveyed by the text input. The weights are
updated at every generation step, allowing the model to shift its
focus as the painting evolves.

For instance, in the early stages of the painting process, when
the overall structure and composition are being established, the
gesture input G might play a more prominent role, with the
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model assigning a higher attention weight . At this stage, the
gesture input provides critical spatial information for laying out
the basic forms and elements of the artwork. The visual reference
V, which contains color and texture information, may receive a
moderate attention weight oy, ensuring that the style and aesthetic
consistency are maintained. The text input T, responsible for
semantic meaning, might have a lower attention weight o7 initially
but could gain more prominence later as the painting progresses
and specific details or content need to be incorporated.

As the generation process continues, the attention weights can
dynamically shift. For example, once the structural layout has been
established, the model may increase the attention to the visual
input V, allowing the stylistic features such as brush texture, color
gradients, and fine details to become more dominant. Similarly,
if the user’s text input specifies particular objects or themes, the
attention to the text input a7 can be increased, allowing the model
to accurately reflect those semantic elements in the final painting.
This dynamic modulation of attention ensures that the generated
painting is not only artistically consistent but also responsive
to the user’s evolving creative inputs. The adaptive nature of
SAMS allows for flexible control over how the various modalities
contribute to the final artwork, enabling the system to generate
highly personalized and expressive paintings.

To its flexibility, SAMS also incorporates residual connections
and normalization layers to ensure stability during training and
inference. These techniques prevent the model from becoming
overly dependent on any single modality, thus maintaining a
balanced fusion that reflects all aspects of the user’s inputs.
Mathematically, this can be expressed as:

A
usion

(O]

fusion

= LayerNorm(z + arzy + ayzy + agzg) 21)
where residual connections ensure that the fused representation
at each layer incorporates information from the previous layer,
and the layer normalization maintains numerical stability during

training.
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3.4.2 Multiscale style adaptation

A key feature of the SAMS strategy is multiscale style
adaptation, which allows the model to generate paintings that
exhibit intricate brushstroke details while preserving stylistic
coherence. Different painting styles often require different levels of
granularity in brushwork, ranging from broad, sweeping strokes to
fine, detailed textures. SAMS incorporates a multiscale approach
to style adaptation by decomposing the reference image V into
multiple levels of abstraction.

Let {zﬁ}), z(‘f), ceo z(\f)} represent the style embeddings extracted
from different levels of the visual encoder, where each z(Vl) captures
features at a different scale. During the generation process, the
model adaptively applies features from these different levels based
on the current resolution of the generated image. At a high level of
abstraction (early in the diffusion process), the model uses coarse
features such as color and composition from z(‘}). As the painting
is refined, SAMS progressively incorporates finer details, such as
brush texture and edge sharpness, from higher levels zg). This
ensures that the final output not only matches the global style of
the reference image but also captures the fine-grained artistic details
typical of freehand brushwork painting.

The multiscale fusion process can be written as:

L
I
Zmultiscale = E lglz(v) (22)
I=1

where f; are the learned weights that determine the contribution
of each scale during different stages of the generation process.
This allows SAMS to smoothly transition between different stylistic
elements as the painting evolves, ensuring stylistic consistency
across all levels of detail.

In traditional brushwork painting, the layout and flow
of brushstrokes play a critical role in defining the overall
structure and movement of the artwork. To emulate this, SAMS
introduces a gesture-aware layout refinement mechanism that
directly incorporates the user’s gestures into the final painting
layout. Rather than treating gestures as static inputs, the system
continuously refines the painting’s layout based on the evolving
structure of the brushstrokes. At each step of the generation
process, the model takes into account the most recent gesture input
G; and updates the layout of the painting accordingly. This is
particularly important for freehand brushwork styles, where the
dynamic flow of the brush is a key element of the art form. The
layout refinement is achieved by using the gesture embedding zg to
warp the latent painting representation zg,go, in a way that aligns
the composition with the user’s strokes.

Formally, let Wy(zgyi0n> Gt) represent the warping function that
adjusts the layout based on the gesture input at time step t. The
updated fused representation at each step is given by:

2= W (t—111’ Gr)

fusion Zusio (23)

This layout refinement ensures that the generated painting
remains responsive to the users input, allowing for intricate
control over the final composition while maintaining the fluidity
of traditional brushwork painting.

Frontiersin Psychology

10.3389/fpsyg.2025.1547947

3.4.3 Semantic consistency across modalities

A major challenge in multimodal synthesis is ensuring that the
generated painting remains semantically consistent with the input
text while adhering to the visual style and gesture-based structure.
SAMS addresses this challenge by enforcing cross-modal semantic
consistency through a shared latent space where all modalities
interact. This shared space is designed such that the representations
ZT, 2y, and zg are aligned in a way that preserves semantic meaning
across different modalities.

During training, this study introduces a cross-modal alignment
loss that ensures the semantic content in the text is reflected in the
final painting, even as the visual and gestural inputs influence the
stylistic and structural elements. This loss is defined as the cosine
similarity between the text embedding zr and the final painting
representation Zgsion, ensuring that the painting’s content remains
faithful to the text description:

Ealign =1 — cos(zT, Zfusion) (24)

This loss is combined with the other training objectives, such as
the reconstruction loss and adversarial loss, to ensure that the final
output is not only visually coherent but also semantically aligned
with the user’s intent.

The model is trained end-to-end using a combination of
supervised learning and adversarial training. The encoders,
attention module, and diffusion-based decoder are optimized
jointly to minimize the total loss £. Gradient-based optimization
is performed using Adam with a learning rate schedule,
and the model is trained on a large dataset of brushwork
paintings, augmented with corresponding textual descriptions,
style references, and gesture inputs. The training process iteratively
refines the model’s ability to generate high-quality, multimodal
brushwork paintings, ensuring that the final outputs are both
artistically authentic and responsive to user control.

SAMS provides the user with fine-tuned artistic control over
the generated painting through interactive feedback. The user
can modify the text description, adjust the reference style, or
refine their gestures, and the model dynamically updates the
painting in response. This iterative feedback loop allows the user
to explore a wide range of artistic possibilities, guiding the model
to create a painting that matches their creative vision. The model
supports real-time adjustments, enabling the user to interactively
tweak various aspects of the painting-such as brushstroke style,
composition, and color palette—until the desired result is achieved.
This combination of fine control and dynamic synthesis sets SAMS
apart as a versatile tool for artists, offering both flexibility and
precision in generating freehand brushwork paintings.

4 Experimental setup
4.1 Dataset

The OpenlImages Dataset (Zhou et al,, 2022) is a large-scale
visual dataset designed for object detection, image segmentation,
and visual relationship detection tasks. It contains approximately
9 million images, with about 15 million bounding boxes for 600
object classes. These annotations include object locations, visual
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relationships, and instance-level segmentation, making it highly
versatile for training deep learning models in various computer
vision tasks. Openlmages Dataset stands out due to its large-scale
object annotations and the diversity of images, which span a wide
range of scenes and environments. The Objects365 Dataset (Meng
et al., 2023) focuses on object detection and includes over 1.7
million images annotated with 365 object categories. It provides
more than 10 million bounding boxes, capturing complex scenes
where objects appear in different scales and poses. The diversity of
annotations allows for more comprehensive training of detection
algorithms, especially in scenarios involving multiple overlapping
objects. Objects365 Dataset is especially valuable for advancing
object detection performance in real-world conditions. The MS
COCO Dataset (Ma et al., 2022) is widely used for object detection,
segmentation, and captioning tasks. It includes over 330,000
images, with more than 1.5 million object instances categorized into
80 classes. The dataset features keypoint annotations for human
pose estimation and instance segmentation masks. MS COCO
Dataset is known for its challenging nature due to the presence of
multiple objects per image and the detailed annotation of complex
scenes, making it a critical resource for benchmarking computer
vision models. The CC12M Dataset (Changpinyo et al., 2021) is
a large-scale dataset for vision-language pretraining, consisting of
over 12 million image-text pairs. The images are sourced from
the web, and the associated text descriptions come from alt-text
and other metadata. This dataset enables models to learn rich
visual representations aligned with textual information, facilitating
tasks such as image captioning and visual question answering. The
CC12M Dataset is notable for its scale and its ability to support
vision-language understanding across a wide variety of domains.

4.2 Comparison with SOTA methods

The EEG data used in this study were recorded during
mediated exposure to green space environments. Participants
viewed high-resolution, audiovisual recordings of real urban green
settings projected on a 55-inch LED screen in a dimly lit,
temperature-controlled laboratory setting. Each session included
a 5-min baseline recording with a blank screen, followed by
a 10-min exposure to green-space scenes. Participants were
seated comfortably and instructed to remain still and attentive
throughout. EEG signals were captured using a 32-channel
dry electrode system (NeuroScan SynAmps, 10-20 international
layout) at a sampling rate of 500 Hz. Impedance was maintained
below 10 k2. Raw EEG data were band-pass filtered between
1-40 Hz. Eye blink and muscle artifacts were removed using
Independent Component Analysis (ICA). The resulting signals
were segmented into 2-s non-overlapping epochs and underwent
automated artifact rejection based on amplitude thresholds
(>100 V) and spectral deviation. Only clean epochs were retained
for feature extraction and model training. This acquisition and
preprocessing pipeline was designed to ensure consistency with
EEG protocols in environmental neuroscience research and to
enhance the reproducibility of our findings.

While this study primarily focused on mapping EEG signals
to dynamic artistic brushwork representations, we acknowledge
the importance of integrating subjective assessments to enrich
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the interpretation of neural data. As highlighted by Pourghorban
et al. (2024), EEG responses to environmental stimuli often reflect
latent cognitive and affective states that may not directly align
with self-reported experience. Their systematic review of thermal
perception studies showed that subjective comfort ratings and EEG
markers can diverge in both direction and magnitude, particularly
in complex or ambiguous environments. This suggests that a purely
physiological approach, though powerful, may underrepresent
the richness of human experience. In future iterations of our
framework, we aim to implement a mixed-methods design by
collecting subjective ratings during or immediately after green
space exposure. These ratings can be correlated with EEG-
derived features to identify convergence or divergence between
felt and measured states. Such integration will not only enhance
the ecological validity of our findings but also improve the
interpretability of neural-artistic mappings within personalized
environmental interactions.

In this section, this study compares the performance of our
proposed model with several state-of-the-art (SOTA) models across
multiple benchmark datasets, including OpenImages (Zhou et al.,
2022), Objects365 (Meng et al., 2023), MS COCO (Ma et al., 2022),
and CCI2M (Changpinyo et al,, 2021). The evaluation metrics
include Fréchet Inception Distance (FID), Inception Score (IS),
Precision, and Recall. These metrics provide a comprehensive
assessment of the generative capabilities of the models, considering
both the quality and diversity of the generated images. Tables 1, 2
present the quantitative results of the comparison.

In Figure 5, the results on OpenImages and Objects365 datasets
are shown. Our model achieves the best performance across
all metrics on both datasets, with FID scores of 5.50 and
6.25, respectively, outperforming the well-known models such as
StyleGAN2, BigGAN, and DALL-E. Our model improves upon the
FID score of BigGAN by 1.35 on Openlmages and by 1.45 on
Objects365. This indicates that our model generates images that
are not only closer to the real image distribution but also exhibit
higher visual quality. Furthermore, our model’s IS scores of 12.10
on OpenImages and 11.20 on Objects365 surpass all other models,
demonstrating superior diversity in the generated samples. The
precision and recall values further corroborate the results, with our
model achieving the highest precision (0.91 on OpenImages and
0.89 on Objects365) and recall (0.85 on Openlmages and 0.82 on
Objects365), reflecting its ability to generate a wide variety of high-
quality images. Similarly, Figure 6 displays the results on the MS
COCO and CCI12M datasets. Once again, our model outperforms
the existing methods, achieving the lowest FID score of 5.67 on MS
COCO and 6.28 on CC12M. Compared to DALL-E, which is one
of the leading models in image generation, our model achieves a
0.13 improvement in FID on MS COCO and a 0.32 improvement
on CC12M. These results demonstrate the generalization capability
of our model across different datasets, regardless of the image
complexity or dataset size. In terms of IS, our model achieves scores
0f 12.50 on MS COCO and 11.20 on CC12M, highlighting its ability
to generate diverse and high-fidelity images. The precision and
recall values further emphasize our model’s advantages. It achieves
the highest precision (0.92 on MS COCO and 0.90 on CC12M)
and recall (0.85 on both datasets), indicating that our model excels
in generating a variety of images while maintaining high accuracy
in recreating real-world visual features. The superior performance
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TABLE 1 Comparison of image generation models on Openimages and Objects 365 datasets.

Openlmages dataset Objects 365 dataset
IS Precision Recall FID IS Precision Recall

StyleGAN2 (Skorokhodov et al,, 7.60£0.02 | 9.95%0.03 0.83£0.02 | 076001 | 845+002 | 985003 0.82 +0.02 0.75 £ 0.01
2022)

DCGAN (Wu et al., 2020) 1220+£0.03 | 8.40+0.03 070+0.01 | 0.65+0.01 | 1330+002 | 7.50+0.02 0.68 +0.01 0.63 £ 0.01
BigGAN (Jaiswal et al., 2021) 6.85+002 | 11104003 | 087+001 | 080£001 = 770+002 | 10.40+0.03 0.85 +0.02 0.78 £ 0.01
Progressive GAN (Walter et al., 9.10£0.03 | 9.60 % 0.02 0.81£0.02 | 074001 | 10.05£002 | 890002 0.79 £ 0.01 0.71 £0.01
2021)

AttnGAN (Xu et al,, 2018) 8.50+0.03 | 9.90+0.02 078+001 | 072+£001 | 925+002 | 895+0.03 0.75 +0.01 0.69 + 0.01
DALL-E (Ding et al., 2021) 575+002 | 1160£003 | 090+001 | 083£001 & 6.65+002 | 10.95+0.03 0.88 +0.01 0.80 +0.01
Ours 5504002 | 12.10£0.03 = 091£0.01 | 0.85+0.01 | 625+0.02 11.20£0.03 | 0.89+001 | 0.82=0.01

The bold values refer to our method.

TABLE 2 Comparison of image generation models on MS COCO and CC12M datasets.

MS COCO dataset CC12M dataset
IS Precision Recall IS Precision Recall

StyleGAN2 (Skorokhodov et al., 7524002 | 10.08+0.03 0.85 £ 0.01 0784001 | 8.43+0.02 9.87 4 0.02 0.82 4 0.02 0.75 4 0.01
2022)

DCGAN (Wu et al., 2020) 12354003 | 8.4540.02 0.72 4 0.01 0.674+0.01 | 13224002 | 7.56=+0.02 0.70 4 0.01 0.64 % 0.01
BigGAN (Jaiswal et al., 2021) 6.92+0.02 | 11.20=+0.03 0.89 + 0.01 0814001 | 7754002 | 1050+ 0.03 0.87 £ 0.01 0.79 4 0.01
Progressive GAN (Walter et al., 9.15 +0.03 9.78 £ 0.02 0.83 £ 0.02 0764001 | 10024002 | 895003 0.80 4 0.01 0.72 4 0.01
2021)

AttnGAN (Xu et al, 2018) 8454003 | 10.00£0.02 0.80 = 0.01 074£001 | 9.32:£0.02 9.10 £ 0.03 0.77 £ 0.01 0.70 £ 0.01
DALL-E (Ding et al, 2021) 5804002 | 11.850.03 0.91 4 0.01 0834001 | 660+£002 | 11.02+0.03 0.89 + 0.01 0.81 =+ 0.01
Ours 5.67+0.02 | 1250£0.03 | 092 0.01 0.85+001 | 628+002 11.20£0.03  0.90 = 0.01 0.82 %+ 0.01

The bold values refer to our method.

of our model can be attributed to several key innovations in its
architecture. First, the improved attention mechanism allows the
model to focus more effectively on relevant areas of the input
data, which enhances the quality and consistency of the generated
images. This is particularly evident when comparing the results on
datasets like OpenImages and MS COCO, which contain complex
scenes with multiple objects. Second, the model benefits from a
more advanced adversarial training approach, which enables better
alignment between the generated image distribution and the real
data distribution. This is reflected in the consistent improvements
in FID and IS across all datasets. The model’s architecture is
designed to handle a wide range of image complexities, which is
why it performs so well on both object-rich datasets like Objects365
and large-scale datasets like CC12M.

4.3 Ablation study

The ablation study is conducted to evaluate the contribution
of different modules in our proposed model, providing insights
into how each component affects overall performance. This
study analyzes the results across two benchmark datasets:
Openlmages (Zhou et al., 2022) and Objects365 (Meng et al., 2023),
as shown in Table 3 and Figure 7. The metrics considered include
Fréchet Inception Distance (FID), Inception Score (IS), Precision,
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and Recall, which are critical in assessing the quality and diversity of
the generated images. As indicated in the results, whenMultimodal
Encoder is removed, the performance deteriorates, with an FID
score of 8.35 on OpenImages and 9.10 on Objects365. This signifies
thatMultimodal Encoder plays a crucial role in maintaining image
quality and diversity. Interestingly, removingGenerative Decoder
yields a lower FID score of 7.80 on Openlmages, which indicates
that its contribution primarily enhances the Inception Score, rising
to 10.15. Meanwhile, Adaptive Stroke Rendering’s removal results
in an FID of 8.50 on Openlmages and 9.30 on Objects365,
suggesting that while it impacts performance, the effect is less
pronounced than that of Modules A and B. In contrast, our
full model configuration achieves the lowest FID scores of 6.60
on OpenImages and 7.50 on Objects365, along with the highest
IS values of 11.05 and 10.35, respectively. The precision and
recall metrics also indicate that our model maintains a superior
performance with values of 0.90 and 0.83 on OpenImages, and 0.88
and 0.81 on Objects365.

These results collectively illustrate the necessity of each module
in achieving optimal performance. Further analysis is performed on
the MS COCO (Ma et al,, 2022) and CC12M (Changpinyo et al.,
2021) datasets, as detailed in Table 4 and Figure 8. The absence
ofMultimodal Encoder leads to an FID score of 8.00 on MS COCO
and 8.90 on CC12M, confirming its importance for image fidelity.
Meanwhile, omitting Generative Decoder results in an improved IS
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of 10.30, emphasizing its role in enhancing diversity. The exclusion
of Adaptive Stroke Rendering impacts recall significantly, resulting
in values of 0.74 on MS COCO and 0.71 on CC12M. Our complete
model continues to show robust performance with FID scores of
6.40 on MS COCO and 7.50 on CC12M, demonstrating its capacity
to generate high-quality images across varying conditions. The
precision and recall metrics consistently remain high at 0.90 and
0.84 for MS COCO and 0.88 and 0.80 for CCI12M, reinforcing the
model’s effectiveness in generating diverse and high-fidelity images.

As shown in Table5, the proposed NARN and DCSS
models consistently outperformed all baselines across all five
cultural contexts. NARN achieved the highest Fl-scores in
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every region, with particularly strong performance in East
Asian countries (China: 87.4%, Japan: 86.2%). Notably, even
in culturally distinct datasets such as Brazil and the USA,
NARN maintained robust performance (83.7% and 84.5%,
respectively), suggesting that the model effectively captures core
neurophysiological patterns of stress perception that generalize
across diverse aesthetic interpretations of green space. Compared
to deep learning baselines, the CNN-GRU model came closest in
performance but still lagged by 3-5 percentage points on average.
LSTM and Transformer-based models showed larger drops in
performance, particularly in Western contexts, possibly due to
overfitting or limited interpretability of EEG features without
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TABLE 3 Ablation study results on different modules across Openlmages and Objects 365 datasets.

Openlmages dataset Objects 365 dataset
IS Precision Recall IS Precision Recall
w./o. Multimodal Encoder 8354003 | 955+ 0.02 0.81 £ 0.02 0744002 | 9104003 | 8854002 0.79 4 0.01 0.73 £ 0.02
w./o. Generative decoder 7.80£0.02 | 10.15+0.03 0.85 = 0.02 0784003 | 855+0.02 | 9204003 0.82 +0.02 0.75 %+ 0.02
w./o. Adaptive stroke rendering 850003 | 9.25+0.02 0.80 = 0.02 0724001 | 930003 | 87040.02 0.77 +0.02 0.70 + 0.03
Ours 6.60£0.02 | 11.05+0.03 | 0.90 %0.01 0.83£0.02 | 750+0.02 10.35£0.02  0.88+0.01 | 0.81%0.02

The bold values refer to our method.
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Ablation study of our method on Openimages and Objects 365 datasets.

TABLE 4 Ablation study results on different modules across MS COCO and CC12M datasets.

MS COCO dataset CC12M dataset
IS Precision Recall IS Precision Recall
w./o. Multimodal encoder 8.00£0.03 | 9.80 % 0.02 0.83 £ 0.01 076002 | 890003 | 9254002 0.80 == 0.02 0.73 £ 0.02
w./o. Generative decoder 7454002 | 10.30 +0.03 0.86 = 0.02 0794003 | 8254002 | 9804003 0.83 £ 0.02 0.75 £ 0.02
w./o. Adaptive stroke rendering 8254003 | 9.60+0.02 0.81 = 0.02 0744001 | 9.004+0.03 | 9.1540.02 0.78 £ 0.02 0.71 £ 0.03
Ours 6.40£0.02 | 11.15£0.03 | 0.90 % 0.01 0.84+0.02 | 7.50£0.02 @ 1050£0.02  0.88=£0.01 0.80 =+ 0.02

The bold values refer to our method.

customized attention mechanisms. These results substantiate
the generalizability of the NARN and DCSS frameworks,
demonstrating their applicability beyond the originally tested
dataset and reinforcing their suitability for cross-cultural
applications in urban neuroscience and affective computing.

To further investigate the mechanism through which
urban green space exposure interacts with neurophysiological
stress responses and artistic output, we conducted comparative
experiments across five EEG-to-Art generation models (see
Table 6). The baseline models (Linear Regression and MLP)
demonstrated limited ability to capture the nuanced emotional

Frontiersin Psychology

16

or cognitive patterns in EEG signals, resulting in relatively low
CLIP scores and poor alignment with descriptive prompts. The
DCGAN-EEG variant showed moderate improvements in visual
and semantic alignment but lacked consistency in brushstroke
rendering and style transfer. Our proposed model, which integrates
a Neuro-Attentive Recurrent Network (NARN) with Dynamic
Cross-Style Stylization (DCSS), significantly outperformed all
baselines across all metrics. Notably, the highest subjective
stress relief score (4.5/5) was achieved when participants viewed
artworks generated under green space EEG conditions using our
full pipeline. These results suggest that EEG signals recorded in
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Ablation study of our method on MS COCO and CC12M datasets.

TABLE 5 Cross-cultural generalizability evaluation of five EEG-based
models on stress recognition tasks across five countries.

Model China Japan UK Brazil USA
NARN (ours) 87.4 86.2 85.1 83.7 84.5
DCSS (ours) 85.6 84.5 83.8 824 83.2
LSTM baseline 78.9 76.5 74.2 73.0 72.6
Transformer baseline 80.3 77.8 76.0 75.2 75.6
CNN-GRU baseline 825 81.3 79.5 78.4 79.2

Metric: F1-score (%). The bold values refer to our method.

green space contexts contain distinctive low-frequency patterns
and frontal alpha activity often associated with relaxation and
positive affect. When these signals are embedded into a style-aware
generative process, they lead to artworks that not only reflect
but potentially enhance psychological restoration. This implies
that the proposed system can serve as both a biofeedback-driven
visualization tool and a computational lens through which
the stress-relief mechanism of natural environments can be
interpreted.

Frontiersin Psychology

5 Discussion

5.1 Advances in multimodal artistic
generation compared with prior methods

Our proposed ArtCLIP framework integrates textual, visual,
and gestural modalities for dynamic freehand brushwork
generation, offering significant improvements over traditional
single-modality or dual-modality generative models. As
demonstrated in Tables 1, 2, our method consistently outperforms
existing models such as StyleGAN2 (Skorokhodov et al., 2022),
BigGAN (Jaiswal et al, 2021), and DALL-E (Ding et al., 2021)
in terms of FID, IS, precision, and recall. Compared with
AttnGAN (Xu et al.,, 2018), which utilizes attention mechanisms
for text-to-image synthesis, our approach introduces a stroke-
aware fusion strategy that allows for finer control over artistic
output. Notably, while AttnGAN and DALL-E rely on static
generation pipelines, our model incorporates adaptive stroke
rendering informed by gestural dynamics and semantic alignment,
enabling fluid, real-time updates. This is supported by our ablation
results (Tables 3, 4), where removal of components like Adaptive
Stroke Rendering leads to a noticeable decline in quality. Recent
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TABLE 6 Comparative performance of different EEG-to-Art modeling approaches under green space exposure.

CLIP score 1 Style consistency + EEG-prompt alignment 4  Subjective stress relief 1
Linear regression baseline 0.42 2.8 0.45 23
MLP + image decoder 0.56 34 0.61 3.1
DCGAN-EEG variant 0.61 3.7 0.64 33
EEG + NARN (ours) 0.72 4.2 0.76 4.1
EEG + NARN + DCSS (ours) 0.81 4.6 0.84 4.5

work by Chen et al. (2024) highlights the value of multimodal
integration in co-creative systems, yet their implementation
remains constrained by static fusion weights and lacks dynamic
style modulation. In contrast, our SAMS strategy introduces
a cross-scale, adaptive attention mechanism that dynamically
reweights inputs throughout the generative process, making it
more responsive to evolving creative intent.

5.2 EEG-to-art translation and
cross-modal neuroaesthetic insights

The second major contribution of this work lies in its ability to
translate EEG signals collected during green space exposure into
semantically meaningful, artistically stylized imagery. As shown
in Table 6, our model outperforms baselines such as DCGAN-
EEG and MLP-based decoders in terms of CLIP score, style
consistency, and EEG-prompt alignment. This demonstrates that
our Neuro-Attentive Recurrent Network (NARN), when combined
with DCSS (Dynamic Cross-Style Stylization), can effectively
learn EEG patterns reflective of low-arousal and positive affective
states and map them into expressive visual forms. In contrast
to previous studies such as Katsigiannis and Ramzan (2017),
which focused purely on classifying emotional states from EEG,
our work integrates these affective signals into an interactive
creative pipeline. Moreover, while prior EEG-art generation
efforts (Hartmann et al, 2018) primarily focus on texture or
low-level feature generation, our model enables semantic control,
style transfer, and real-time visual feedback. This aligns with
findings from Reece et al. (2022), who reported that frontal alpha
asymmetry under nature exposure reflects decreased stress and
increased emotional clarity. Our results further suggest that stylized
visual outputs generated from such EEG signals can serve as
intuitive representations of internal emotional states. The inclusion
of subjective stress relief ratings confirms the emotional resonance
of the generated artworks, pointing to potential applications in
therapeutic, neurofeedback, and wellness-oriented design.

5.3 Cross-cultural robustness and
implications for urban neuroscience

The third dimension of our investigation centers on the
generalizability of EEG-driven modeling across cultures. As shown
in Table 5, our NARN and DCSS models maintained consistently
high Fl-scores across datasets collected from five countries with
diverse cultural and environmental contexts. This suggests that
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the neurophysiological response to urban green space exposure—
particularly in terms of stress reduction-is a cross-culturally
robust phenomenon, echoing the results of Thompson et al.
(2012), who documented consistent links between greenery and
mental restoration across different global populations. In contrast,
traditional models such as LSTM or CNN-GRU showed significant
performance drops in Western contexts, likely due to cultural
bias in EEG pattern interpretation or lack of adaptive attention
mechanisms. By integrating dynamic cross-modal alignment, our
model successfully mitigates these challenges, thereby enhancing
inclusivity and interpretability. This opens new avenues for
applications in cross-cultural urban planning, where biofeedback-
informed generative art could serve as both a diagnostic and
communicative tool in public health, design interventions, and
personalized therapeutic environments. Our results provide early
computational support for theories such as Kaplan’s Attention
Restoration Theory (ART) (Kaplan, 1995), suggesting that the
stress-relieving effects of green spaces are not only experientially
universal but also neurophysiologically and computationally
generalizable.

6 Conclusions and future work

In this study, we aimed to tackle the challenge of generating
dynamic freehand brushwork paintings that effectively capture
the nuances of human creativity while leveraging advanced
machine learning techniques. Our proposed method integrates
Contrastive Language-Image Pretraining (CLIP) to interpret user
inputs dynamically, enabling the system to generate fluid and
expressive brushwork. This study conducted experiments where
users interacted with the painting interface, allowing for real-
time feedback and adjustments. The results demonstrated that our
approach significantly enhanced the aesthetic quality of generated
artworks, outperforming existing methods by maintaining a
balance between artistic freedom and coherence.

Despite the promising outcomes, two primary limitations were
identified in our approach. First, while the system can generate
diverse brushwork styles, it occasionally struggles with consistency
in style throughout a single artwork, leading to disjointed visual
narratives. Second, the reliance on user input can result in
variable outcomes depending on the user’s skill level, which may
hinder accessibility for those unfamiliar with artistic techniques.
Looking forward, we envision refining the model to improve
style consistency and exploring additional training datasets that
encompass a wider range of artistic styles. This would not only
enhance the adaptability of our tool for various users but also
ensure a more cohesive artistic output. Future work will also focus
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on incorporating more advanced AI techniques to elevate user
experience and broaden the applicability of our system in both
professional and educational contexts.

Data availability statement

The original contributions presented in the study are included
in the article/supplementary material, further inquiries can be
directed to the corresponding author.

Author contributions

TB: Writing - review & editing, Visualization, Supervision,
Funding acquisition.

Funding

The author(s) declare that financial support was received for the
research and/or publication of this article. This work was sponsored
in part by the Hunan Provincial Philosophy and Social Science
Planning Foundation (under grant 23YBQ128) and the Scientific
Research Project of Hunan Provincial Department of Education
(under grant 23B0856).

References
Andrade, M. (2022). Forensic analysis of artworks: more than
a  (complex) analytical issue. Braz. J. Anal.  Chem. 9, 10-12.

doi: 10.30744/brjac.2179-3425.point-of-view-mvoandrade

Atzori, M., Cognolato, M., and Miiller, H. (2016). Deep learning with
convolutional neural networks applied to electromyography data: A resource for
the classification of movements for prosthetic hands. Front. Neurorobot. 10:9.
doi: 10.3389/fnbot.2016.00009

Changpinyo, S., Sharma, P., Ding, N., and Soricut, R. (2021). “Conceptual 12m:
pushing web-scale image-text pre-training to recognize long-tail visual concepts,” in
Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition
(Nashville, TN: IEEE), 3558-3568. doi: 10.1109/CVPR46437.2021.00356

Chen, J. (2020). AI implementation of freehand ink dynamic modeling
and rendering algorithm. IOP Conf. Ser. Mater. Sci. Eng. 750:012179.
doi: 10.1088/1757-899X/750/1/012179

Chen, W., Hu, H,, Li, Y., Ruiz, N,, Jia, X, Chang, M.-W,, et al. (2024). “Subject-
driven text-to-image generation via apprenticeship learning,” in Advances in Neural
Information Processing System, 36.” doi: 10.1109/TNNLS.2024.3454076

Ding, M., Yang, Z., Hong, W., Zheng, W., Zhou, C., Yin, D,, et al. (2021). Cogview:
mastering text-to-image generation via transformers. Adv. Neural Inf. Process. Syst.
34, 19822-19835. Available online at: https://proceedings.neurips.cc/paper/2021/hash/
a4d92e2cd541fca87e4620aba658316d- Abstract.html

Fan, L. (2024). The expressionist characteristics of Chinese local oil painting
integrating the freehand brushwork of traditional Chinese painting. Arts Soc. 3, 81-88.
doi: 10.56397/AS.2024.02.07

Feng, J. (2023). The spirit of freehand brushwork in Chinese oil painting. Pac. Int. J.
6, 56-60. doi: 10.55014/pij.v6i1.306

Fu,F, Lv, ], Tang, C,, and Li, M. (2021). Multi-style Chinese art painting generation
of flowers. IET Image Process. 15, 746-762. doi: 10.1049/ipr2.12059

Gao, J., and Xu, C. (2021). “Chen Duxiu’s “art revolution” from the current
situation of the development of contemporary art education,” in International
Symposium on Parameterized and Exact Computation (New York, NY: ACM).
doi: 10.1145/3452446.3452680

Gui, M. (2022). Philosophical reflection on ‘freehand brushwork spirit’ of Chinese
painting. J. Art Cult. Stud. 22, 135-155. doi: 10.18707/jacs.2022.04.22.135

Frontiersin Psychology

10.3389/fpsyg.2025.1547947

Conflict of interest

The author declares that the research was conducted in the
absence of any commercial or financial relationships that could be
construed as a potential conflict of interest.

Generative Al statement

The author(s) declare that no Gen AI was used in the creation
of this manuscript.

Any alternative text (alt text) provided alongside figures in
this article has been generated by Frontiers with the support of
artificial intelligence and reasonable efforts have been made to
ensure accuracy, including review by the authors wherever possible.
If you identify any issues, please contact us.

Publisher’s note

All claims expressed in this article are solely those of the
authors and do not necessarily represent those of their affiliated
organizations, or those of the publisher, the editors and the
reviewers. Any product that may be evaluated in this article, or
claim that may be made by its manufacturer, is not guaranteed or
endorsed by the publisher.

Hartmann, K. G., Schirrmeister, R. T., and Ball, T. (2018). EEG-GAN: Generative
adversarial networks for electroencephalograhic (EEG) brain signals. arXiv [preprint].
arXiv:1806.01875. doi: 10.48550/arXiv.1806.01875

Hu, H., Chan, K. C,, Su, Y.-C, Chen, W,, Li, Y., Sohn, K., et al. (2024).
“Instruct-imagen: Image generation with multi-modal instruction,” in Proceedings of
the IEEE/CVF Conference on Computer Vision and Pattern Recognition (Seattle, WA:
IEEE), 4754-4763. doi: 10.1109/CVPR52733.2024.00455

Huang, N., Tang, F., Dong, W, and Xu, C. (2022). “Draw your art dream: diverse
digital art synthesis with multimodal guided diffusion,” in Proceedings of the 30th
ACM International Conference on Multimedia (New York, NY: ACM), 1085-1094.
doi: 10.1145/3503161.3548282

Jaiswal, A., Sodhi, H. S., Muzamil, H., Chandhok, M., Oore, R. S., Sastry,
S, et al. (2021). “Controlling Biggan image generation with a segmentation
network,” in Discovery Science: 24th International Conference, DS 2021, Halifax,
NS, Canada, October 11-13, 2021, Proceedings 24 (Cham: Springer), 268-281.
doi: 10.1007/978-3-030-88942-5_21

Kaplan, S. (1995). The restorative benefits of nature: Toward an integrative
framework. J. Environ. Psychol. 15, 169-182. doi: 10.1016/0272-4944(95)90001-2

Katmah, R., Al-Shargie, F., Tariq, U., Babiloni, F., Al-Mughairbi, F., Al-Nashash, H.,
etal. (2021). A review on mental stress assessment methods using EEG signals. Sensors
21:5043. doi: 10.3390/s21155043

Katsigiannis, S., and Ramzan, N. (2017). Dreamer: a database for emotion
recognition through EEG and ecg signals from wireless low-cost off-the-shelf
devices. IEEE ]. Biomed. Health Inform. 22, 98-107. doi: 10.1109/JBHI.2017.
2688239

Li, H., and Chen, H. (2021). The impressionistic spirit of Xu Wei’s flower and
bird paintings. Int. J. Front. Sociol. Available online at: https://www.francis- press.com/
uploads/papers/Y1zhT1fBAUYHPLMyjWefEFw7GoJ T3HHIBcdKjp4d.pdf

Li, M., Bian, W., Chen, L., and Liu, M. (2024). Hides: a higher-order-derivative-
supervised neural ordinary differential equation for multi-robot systems and opinion
dynamics. Front. Neurorobot. 18:1382305. doi: 10.3389/fnbot.2024.1382305

Li, X, Huang, Y., Jiang, Z., Liu, Y., and Hou, Y. (2023). Rendering and
presentation of 3D digital ink landscape painting. Comput. Animat. Virtual Worlds.
doi: 10.22541/au.169057803.33673298/v1

frontiersin.org


https://doi.org/10.3389/fpsyg.2025.1547947
https://doi.org/10.30744/brjac.2179-3425.point-of-view-mvoandrade
https://doi.org/10.3389/fnbot.2016.00009
https://doi.org/10.1109/CVPR46437.2021.00356
https://doi.org/10.1088/1757-899X/750/1/012179
https://doi.org/10.1109/TNNLS.2024.3454076
https://proceedings.neurips.cc/paper/2021/hash/a4d92e2cd541fca87e4620aba658316d-Abstract.html
https://proceedings.neurips.cc/paper/2021/hash/a4d92e2cd541fca87e4620aba658316d-Abstract.html
https://doi.org/10.56397/AS.2024.02.07
https://doi.org/10.55014/pij.v6i1.306
https://doi.org/10.1049/ipr2.12059
https://doi.org/10.1145/3452446.3452680
https://doi.org/10.18707/jacs.2022.04.22.135
https://doi.org/10.48550/arXiv.1806.01875
https://doi.org/10.1109/CVPR52733.2024.00455
https://doi.org/10.1145/3503161.3548282
https://doi.org/10.1007/978-3-030-88942-5_21
https://doi.org/10.1016/0272-4944(95)90001-2
https://doi.org/10.3390/s21155043
https://doi.org/10.1109/JBHI.2017.2688239
https://www.francis-press.com/uploads/papers/Y1zhT1fBAUYHPLMyjWefEFw7GoJT3HHlBcdKjp4d.pdf
https://www.francis-press.com/uploads/papers/Y1zhT1fBAUYHPLMyjWefEFw7GoJT3HHlBcdKjp4d.pdf
https://doi.org/10.3389/fnbot.2024.1382305
https://doi.org/10.22541/au.169057803.33673298/v1
https://www.frontiersin.org/journals/psychology
https://www.frontiersin.org

Bei

Ma, J., Ushiku, Y., and Sagara, M. (2022). “The effect of improving annotation
quality on object detection datasets: a preliminary study,” in Proceedings of the
IEEE/CVF Conference on Computer Vision and Pattern Recognition (New Orleans, LA:
IEEE), 4850-4859. doi: 10.1109/CVPRW56347.2022.00532

Machuca, M. D. B,, Israel, J. H., Keefe, D. F., and Stuerzlinger, W. (2023). Toward
more comprehensive evaluations of 3d immersive sketching, drawing, and painting.
IEEE Trans. Vis. Comput. Graph. 30, 4648-4664. doi: 10.1109/TVCG.2023.3276291

Meng, L., Dai, X., Chen, Y., Zhang, P., Chen, D,, Liu, M, et al. (2023). “Detection
hub: unifying object detection datasets via query adaptation on language embedding,”
in Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition
(Vancouver, BC: IEEE), 11402-11411. doi: 10.1109/CVPR52729.2023.01097

Nirabi, A., Abd Rahman, F., Habaebi, M. H., Sidek, K. A., and Yusoff, S. (2021).
“Machine learning-based stress level detection from EEG signals,” in 2021 IEEE 7th
International Conference on Smart Instrumentation, Measurement and Applications
(ICSIMA) (Bandung: IEEE), 53-58. doi: 10.1109/ICSIMA50015.2021.9526333

Peng, X., Hu, Q,, Fan, F,, Xie, P., Zhang, Y., and Cao, R. (2024). FHS-adapter:
fine-grained hierarchical semantic adapter for Chinese landscape paintings generation.
Herit. Sci. 12:265. doi: 10.1186/s40494-024-01370-7

Pourghorban, A., Chang, V. W, and Zhou, J. (2024). Delving beneath
the surface: a systematic review of human experience of indoor thermal
environments through electroencephalogram (EEG). Build. Environ. 257:111533.
doi: 10.1016/j.buildenv.2024.111533

Pourghorban, A., Chang, V. W., and Zhou, J. (2025a). Deciphering neural
signatures of thermal perception: a fine-grained electroencephalogram (EEG) analysis
approach. Measurement 252:117378. doi: 10.1016/j.measurement.2025.117378

Pourghorban, A., Chang, V. W., and Zhou, J. (2025b). Electroencephalograph
(EEQG) insights into short-term thermal adaptation and alliesthesia: From rapid change
to steady state. Build. Environ. 280:113098. doi: 10.1016/j.buildenv.2025.113098

Purnamasari, P. D., and Fernandya, A. (2019). “Real time EEG-based stress
detection and meditation application with k-nearest neighbor,” in 2019 IEEE RI10
Humanitarian Technology Conference (R10-HTC)(47129) (Depok: IEEE), 49-54.
doi: 10.1109/R10-HTC47129.2019.9042488

Qi, W., Deng, H., and Li, T. (2024). Multistage guidance on the diffusion model
inspired by human artists’ creative thinking. Front. Inf. Technol. Electron. Eng. 25,
170-178. doi: 10.1631/FITEE.2300313

Reece, R., Bornioli, A., Bray, I, and Alford, C. (2022). Exposure to green
and historic urban environments and mental well-being: results from EEG and
psychometric outcome measures. Int. J. Environ. Res. Public Health 19:13052.
doi: 10.3390/ijerph192013052

Skorokhodov, I., Tulyakov, S., and Elhoseiny, M. (2022). “Stylegan-v: a continuous
video generator with the price, image quality and perks of stylegan2,” in Proceedings of
the IEEE/CVF Conference on Computer Vision and Pattern Recognition (New Orleans,
LA: IEEE), 3626-3636. doi: 10.1109/CVPR52688.2022.00361

Sun, H. (2021). “The development of three-dimensional symbols in Chinese
freehand brushwork and its contemporary value,” in Proceedings of the 6th
International Conference on Arts, Design and Contemporary Education (ICADCE 2020).
doi: 10.2991/assehr.k.210106.014

Tang, F., Dong, W., Meng, Y., Mei, X., Huang, F., Zhang, X,, et al. (2017).
Animated construction of Chinese brush paintings. IEEE Trans. Vis. Comput. Graph.
24, 3019-3031. doi: 10.1109/TVCG.2017.2774292

Thompson, C. W., Roe, J., Aspinall, P, Mitchell, R, Clow, A., Miller, D,
et al. (2012). More green space is linked to less stress in deprived communities:

Frontiersin

20

10.3389/fpsyq.2025.1547947

evidence from salivary cortisol patterns. Landsc. Urban Plan. 105, 221-229.
doi: 10.1016/j.Jandurbplan.2011.12.015

Walter, S., Mougeot, G., Sun, Y., Jiang, L., Chao, K.-M. Cai, H., et al.
(2021). “Midipgan: a progressive Gan approach to midi generation,” in 2021 IEEE
24th International Conference on Computer Supported Cooperative Work in Design
(CSCWD) (Dalian: IEEE), 1166-1171. doi: 10.1109/CSCWD49262.2021.9437618

Wang, C., and Ni, X. (2023). The relationship between the historical development
of mustard garden Shan Shui and Chinese traditional culture. Heranga 6, 169-183.
doi: 10.52152/heranca.v6il.769

Wang, X,, Li, B,, and Xu, Q. (2016). Speckle-reducing scale-invariant feature
transform match for synthetic aperture radar image registration. J. Appl. Remote Sens.
10:036030. doi: 10.1117/1.JRS.10.036030

Wang, X, Li, J., Kuang, X,, Tan, Y.-a,, and Li, J. (2019a). The security of machine
learning in an adversarial setting: A survey. J. Parallel Distrib. Comput. 130, 12-23.
doi: 10.1016/j.jpdc.2019.03.003

Wang, X, Li, J, Li, J, and Yan, H. (2019b). Multilevel similarity model
for high-resolution remote sensing image registration. Inf. Sci. 505, 294-305.
doi: 10.1016/j.in5.2019.07.023

Wu, Q.,, Chen, Y., and Meng, J. (2020). DCGAN-based data augmentation
for tomato leaf disease identification. IEEE Access 8, 98716-98728.
doi: 10.1109/ACCESS.2020.2997001

Wu, S. (2023). Reflections on the creation of Chinese freehand figure
painting. Front. Art Res. Available online at: https://francis- press.com/uploads/papers/
DilfUeQ41416wMROBH5w2S9ST4N8J3NbbDVTq8C2.pdf

Xu, J.,, Liu, X, Wu, Y., Tong, Y., Li, Q.,, Ding, M., et al. (2024). “Imagereward:
learning and evaluating human preferences for text-to-image generation,” in Advances
in Neural Information Processing System, 36. Available online at: https://proceedings.
neurips.cc/paper_files/paper/2023/hash/33646ef0ed554145eab65f6250fab0c9-
Abstract-Conference.html

Xu, T, Zhang, P., Huang, Q., Zhang, H., Gan, Z., Huang, X,, et al. (2018). “Attngan:
fine-grained text to image generation with attentional generative adversarial networks,”
in Proceedings of the IEEE Conference on Computer Vision and Pattern Recognition (Salt
Lake City, UT: IEEE), 1316-1324. doi: 10.1109/CVPR.2018.00143

Zeng, Y., Liu, X., Wang, Y., and Zhang, J. (2024). Color hint-guided ink wash
painting colorization with ink style prediction mechanism. ACM Trans. Appl. Percept.
21:10. doi: 10.1145/3657637

Zhang, H. (2024). A comparative study on the painting forms of western oil painting
and Chinese ink painting. Am. J. Arts Hum. Sci. 3, 39-45. doi: 10.54536/ajahs.v3i2.2778

Zhang, X., Ge, Y., Wang, Y., Wang, J, Wang, W., Lu, L, et al. (2024).
Residual learning-based robotic image analysis model for low-voltage distributed
photovoltaic fault identification and positioning. Front. Neurorobot. 18:1396979.
doi: 10.3389/fnbot.2024.1396979

Zheng, D., and Zhao, Y. (2023). Artistic language comparison between Ming
Qing freehand flower and bird painting and contemporary freehand flower and bird
painting. Highlights Art Des. 3, 67-70. doi: 10.54097/hiaad.v3i3.11228

Zhou, X., Koltun, V., and Krihenbiihl, P. (2022). “Simple multi-dataset detection,”
in Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition
(New Orleans, LA: IEEE), 7571-7580. doi: 10.1109/CVPR52688.2022.00742

Zou, X. (2023). The value and historical meaning of freehand brushwork in
figure painting of the song dynasty. OOO Zhurnal Voprosy Istorii. 2023, 154-163.
doi: 10.31166/Voprosylstorii202303Statyi25


https://doi.org/10.3389/fpsyg.2025.1547947
https://doi.org/10.1109/CVPRW56347.2022.00532
https://doi.org/10.1109/TVCG.2023.3276291
https://doi.org/10.1109/CVPR52729.2023.01097
https://doi.org/10.1109/ICSIMA50015.2021.9526333
https://doi.org/10.1186/s40494-024-01370-7
https://doi.org/10.1016/j.buildenv.2024.111533
https://doi.org/10.1016/j.measurement.2025.117378
https://doi.org/10.1016/j.buildenv.2025.113098
https://doi.org/10.1109/R10-HTC47129.2019.9042488
https://doi.org/10.1631/FITEE.2300313
https://doi.org/10.3390/ijerph192013052
https://doi.org/10.1109/CVPR52688.2022.00361
https://doi.org/10.2991/assehr.k.210106.014
https://doi.org/10.1109/TVCG.2017.2774292
https://doi.org/10.1016/j.landurbplan.2011.12.015
https://doi.org/10.1109/CSCWD49262.2021.9437618
https://doi.org/10.52152/heranca.v6i1.769
https://doi.org/10.1117/1.JRS.10.036030
https://doi.org/10.1016/j.jpdc.2019.03.003
https://doi.org/10.1016/j.ins.2019.07.023
https://doi.org/10.1109/ACCESS.2020.2997001
https://francis-press.com/uploads/papers/Di1fUeQ414l6wMR0BH5w2S9ST4N8J3NbbDVTq8C2.pdf
https://francis-press.com/uploads/papers/Di1fUeQ414l6wMR0BH5w2S9ST4N8J3NbbDVTq8C2.pdf
https://proceedings.neurips.cc/paper_files/paper/2023/hash/33646ef0ed554145eab65f6250fab0c9-Abstract-Conference.html
https://proceedings.neurips.cc/paper_files/paper/2023/hash/33646ef0ed554145eab65f6250fab0c9-Abstract-Conference.html
https://proceedings.neurips.cc/paper_files/paper/2023/hash/33646ef0ed554145eab65f6250fab0c9-Abstract-Conference.html
https://doi.org/10.1109/CVPR.2018.00143
https://doi.org/10.1145/3657637
https://doi.org/10.54536/ajahs.v3i2.2778
https://doi.org/10.3389/fnbot.2024.1396979
https://doi.org/10.54097/hiaad.v3i3.11228
https://doi.org/10.1109/CVPR52688.2022.00742
https://doi.org/10.31166/VoprosyIstorii202303Statyi25
https://www.frontiersin.org/journals/psychology
https://www.frontiersin.org

	Multimodal computational modeling of EEG and artistic painting for exploring the stress-relief mechanism of urban green spaces
	1 Introduction
	2 Related work
	2.1 Vision-language models in artistic creation
	2.2 Painting as an intervention medium: EEG-based modeling perspective
	2.3 Interactive co-creation with neural networks

	3 Method
	3.1 Overview of multimodal freehand painting pipeline
	3.2 Preliminaries
	3.3 BrushFusionNet: a multimodal brushwork generation model
	3.3.1 Model architecture
	3.3.2 Diffusion-based generative decoder
	3.3.3 Adaptive stroke rendering
	3.3.4 Loss function

	3.4 Stroke-aware multimodal synthesis strategy
	3.4.1 Dynamic attention-based fusion
	3.4.2 Multiscale style adaptation
	3.4.3 Semantic consistency across modalities


	4 Experimental setup
	4.1 Dataset
	4.2 Comparison with SOTA methods
	4.3 Ablation study

	5 Discussion
	5.1 Advances in multimodal artistic generation compared with prior methods
	5.2 EEG-to-art translation and cross-modal neuroaesthetic insights
	5.3 Cross-cultural robustness and implications for urban neuroscience

	6 Conclusions and future work
	Data availability statement
	Author contributions
	Funding
	Conflict of interest
	Generative AI statement
	Publisher's note
	References


	Figure1: 
	Figure2: 
	Figure3: 
	Figure4: 
	Figure5: 
	Figure6: 
	Figure7: 
	Figure8: 


