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Abstract: Chinese painting, renowned for its poetic and artistic representation of landscape and architectural environments,
carries a rich cultural legacy. This research paper introduces a novel approach to the integration simulation of Chinese painting
landscapes and architectural settings using deep learning techniques, with a focus on multiple feature fusion and optimized
classification. The proposed model is stated as the Optimized Multiple Feature Classification (OMFC). The OMFC evaluates
the historical significance and artistic value of Chinese painting, which captures the profound beauty of nature and human-
made structures in a distinctive style. With the optimization of the painting feature, the architectural environment is evaluated
for the estimation of the painting elements. The features estimated are diverse elements such as brushwork styles, color
palettes, and artistic motifs combined with architectural environments, blending aesthetics and functionality. The research
also introduces optimized classification algorithms that assist in categorizing and harmonizing the different components.
These algorithms enhance the accuracy and visual cohesiveness of the integrated simulation, ensuring that the artistic and
architectural elements seamlessly coexist. The analysis of the results stated that the proposed OMFC model exhibits
significant performance than the conventional techniques. With the implementation of the deep learning model classification
and pattern of painting are computed. The convergence of art and architecture through deep learning techniques, opening
new horizons for the integration of Chinese painting aesthetics into real-world environments. It advocates for the broader
adoption of these methods to promote cultural heritage and innovation in urban and architectural design.
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techniques. The ink wash, varying in thickness and tone,
allows artists to create a remarkable range of textures,

1. Introduction

Chinese landscape painting is a profound and enduring
artistic tradition that has captivated artists and viewers for
over a thousand years [1]. Rooted in Daoist and Confucian
philosophies, this genre of painting aims to capture the
beauty and essence of the natural world while also
expressing the artist's inner emotions and spiritual
connection to the environment [2]. Chinese landscape

from the bold and dramatic to the delicate and ethereal.
The brushwork is executed with precision, yet it maintains
a sense of spontaneity, imparting the vitality of the scenes
depicted [5]. One distinctive feature of Chinese landscape
painting is its emphasis on space, balance, and the
dynamic interplay of void and substance [6]. This concept
is known as "liu bai" or the "six principles of painting,"
and it allows for a harmonious blending of natural
elements, inviting viewers to engage their imagination and
immerse themselves in the artistic interpretation of the

paintings  typically feature majestic mountains,
meandering rivers, lush forests, and contemplative
scholars or travelers in harmony with nature. The use of
ink and brush techniques, along with the emphasis on

o . natural world.
space, balance, and the dynamic interplay of void and

substance, make these artworks truly unique [3]. Through
the centuries, Chinese landscape painting has evolved and
diversified, incorporating various regional styles and
innovations, yet it remains a revered art form that
continues to inspire and influence artists and art lovers
around the world. In Chinese landscape painting, the focal
point is often majestic mountains, meandering rivers,
dense forests, and serene landscapes [4]. These elements
are carefully depicted with the skilled use of brush and ink
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Chinese landscape painting often incorporates symbolic
elements, such as the presence of scholars or travelers
within the landscape [7]. These figures are usually
portrayed in contemplation, emphasizing the idea of
humanity being in harmony with nature. This not only
adds depth and narrative to the artwork but also
underscores the profound spiritual connection that
Chinese artists sought to convey. Throughout its long
history, Chinese landscape painting has evolved and
diversified, embracing various regional styles and
innovations [8]. From the meticulous detail of the
Northern Song Dynasty to the bold and expressive
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brushwork of the Southern School, and from the vibrant
colors of the Qing Dynasty to the monochromatic ink-
wash paintings of literati artists, the genre has
continuously adapted while preserving its essence. In
contemporary times, Chinese landscape painting remains
a revered art form that continues to inspire and influence
artists and art enthusiasts worldwide [9]. It serves as a
timeless bridge between the human spirit and the natural
world, inviting viewers to contemplate the beauty of the
earth while also reflecting on the profound philosophical
and spiritual insights that lie beneath the surface of each
brushstroke and ink wash. The integration of deep
learning techniques into the realm of Chinese landscape
painting represents a fascinating convergence of
traditional artistry and modern technology [10]. Deep
learning, a subset of artificial intelligence, has been
employed to analyze and replicate the intricate styles and
techniques of classical Chinese landscape paintings. By
training algorithms on vast datasets of historical artworks,
these systems can generate new compositions that mimic
the brushwork, ink wash, and even the thematic elements
characteristic of this venerable art form [11].

Deep learning models have the capacity to understand and
recreate the complex and nuanced strokes that make
Chinese landscape painting distinctive, from the bold and
dramatic to the subtle and contemplative [12]. This
technology allows for the emulation of renowned masters
and the production of entirely new artworks inspired by
their techniques. Additionally, deep learning can generate
new compositions, often imbued with the essence of
traditional Chinese landscape painting, while introducing
innovative  elements and  interpretations  [13].
Furthermore, these Al-driven systems can provide
valuable tools for artists and art historians. They can assist
in the restoration and preservation of deteriorating
classical artworks, aid in the identification and
authentication of pieces, and facilitate the exploration of
the historical evolution of the art form [14]. Moreover,
deep learning applications in Chinese landscape painting
offer artists new avenues for experimentation and
creativity, enabling them to push the boundaries of this
ancient tradition while preserving its essential
characteristics. This fusion of deep learning and Chinese
landscape painting not only showcases the potential of
technology to contribute to the art world but also
highlights the enduring influence and adaptability of this
centuries-old artistic tradition [15]. It represents a
harmonious blend of tradition and innovation, enriching
the art world with both the wisdom of the past and the
possibilities of the future.

Deep learning models into the analysis of multiple
features within Chinese landscape painting and
architectural environments represents a cutting-edge
approach to understanding and interpreting these rich

visual traditions [16]. Such models can be harnessed to
simultaneously identify and extract a multitude of intricate
features within these artworks, enabling a more
comprehensive understanding of the elements that
contribute to their overall aesthetic and cultural
significance [17]. Within Chinese landscape painting,
deep learning can discern and categorize various features,
including mountain ranges, rivers, flora, figures, and their
intricate brushwork. These models have the capability to
not only identify these elements but also analyze their
composition, style, and historical context, offering art
historians and enthusiasts a deeper insight into the artist's
intent and the broader cultural messages conveyed by
these works [18]. Additionally, deep learning can be
applied to architectural environments depicted in these
artworks, recognizing architectural styles, structures, and
layouts. By doing so, these models assist in understanding
the historical and cultural contexts in which the paintings
were created, shedding light on the architectural trends of
their respective eras [19]. This cross-analysis of landscape
and architectural elements offers a more holistic
perspective on the interconnectedness between the natural
world and human-built environments in traditional
Chinese art. Furthermore, the application of deep learning
models in this context can also facilitate the preservation
and restoration of these artworks by identifying areas of
deterioration or damage within the paintings or
architectural depictions. This preservation aspect ensures
that these valuable cultural artifacts endure for future
generations [20].

This research paper introduces and presents the Optimized
Multiple Feature Classification (OMFC) model, a novel
approach to the classification of Chinese landscape
paintings. The development of this model represents a
significant contribution to the field of art analysis and
classification. The paper demonstrates that the OMFC
model consistently achieves high accuracy in classifying
Chinese paintings. This high level of accuracy is a
valuable contribution, as it provides art researchers and
historians with a reliable tool for categorizing artworks.
Through OMFC, the paper explores the analysis of
multiple features within Chinese paintings, including
brushwork styles, color palettes, texture patterns, and
structural elements. This comprehensive feature analysis
is a unique contribution that enhances the understanding
of artworks and opens avenues for deeper research. The
research paper highlights the precision, recall, and F1-
Score values achieved by the OMFC model, consistently
falling within the range of 0.98 to 0.99. This emphasizes
the model's reliability in accurately classifying paintings,
making it a valuable tool for art analysis and preservation.

This research paper makes several significant
contributions to the domains of art analysis and machine
learning. The development of the OMFC model, its high
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classification accuracy, feature-rich analysis, precision,
and reliability all enhance the tools available to art
researchers and offer new insights into the analysis of
Chinese landscape paintings. These contributions have the
potential to impact not only the field of art but also broader
applications of machine learning and cultural
preservation.

2. Related Works

The utilization of deep learning models to explore
multiple features in Chinese landscape painting and
architectural environments not only enhances our
understanding of these visual traditions but also
exemplifies the potential of technology to deepen our
appreciation of art, culture, and history. It underscores the
importance of combining tradition and innovation to
unlock new layers of meaning and insight within these
centuries-old artistic expressions. Wu et al.'s work (2022)
[21] explores the integration of deep learning into urban
planning by simulating mixed land-use changes. This
research is critical for understanding and managing urban
development, helping city planners and policymakers
make informed decisions about land use and
infrastructure, with implications for sustainability and
quality of life. Hou and Xu (2021) [22] investigate the role
of Al in art design for indoor environments. This approach
merges technology and aesthetics, providing innovative
ways to create and enhance interior spaces, offering
potential applications in interior decoration, architecture,
and more. It reflects the ever-expanding influence of Al in
creative disciplines.

Kang et al. (2021) [23] utilize machine learning to gain
insights into house price appreciation, a crucial aspect of
the real estate industry. By analyzing multi-source data,
their study provides valuable information for investors,
homeowners, and real estate professionals, helping them
navigate property markets and make informed financial
decisions. In the realm of environmental science, several
papers illustrate the pivotal role of deep learning.
Tzepkenlis et al. (2022) [24] present an integrated
monitoring system for coastal and riparian areas, offering
a comprehensive solution for environmental assessment
and management. Kavhu et al. (2021) [25] focus on
climate-based land-use/cover classification, harnessing
deep learning to improve the understanding of land-use
patterns and their ecological impact. These studies
demonstrate how Al contributes to better resource
management and environmental protection. Chakraborty
et al. (2022) [26] examined into the application of deep
learning in agricultural engineering. The use of Al in
agriculture is a burgeoning field, with the potential to
revolutionize crop management, pest control, and farm
automation. It signifies the transformative impact of
technology on traditional industries.

The inclusion of Li et al.'s (2022) [27] study highlights the
ability of deep learning to recognize handwritten Chinese
characters. Such technology has broad applications in
character recognition, language processing, and
education, and it plays a vital role in bridging the gap
between traditional writing and modern digital interfaces.
Lastly, the paper by Chung and Huang (2023) [28]
showcases how deep learning can transform traditional
Chinese ink paintings into realistic images. This novel
application illustrates how Al can breathe new life into
traditional art forms while preserving their cultural and
historical significance. Findings from these studies can
include insights into the application of deep learning
models in specific contexts. For instance, Wu et al. (2022)
may have found that integrating convolutional neural
networks and cellular automata offers an effective
approach for simulating mixed land-use changes, with
potential applications in urban planning and development.
Hou and Xu's (2021) work may have uncovered
innovative ways of enhancing indoor environments
through artificial intelligence, fostering creativity and
design in interior spaces. Kang et al.'s (2021) research
findings might have provided valuable data-driven
insights into house price appreciation, offering a
comprehensive understanding of market trends and
factors influencing property values. Tzepkenlis et al.
(2022) may have found that their integrated monitoring
system for coastal and riparian areas enhances
environmental assessment and management, contributing
to more effective conservation efforts. Research by
Chakraborty et al. (2022) could have identified practical
deep learning approaches for agricultural engineering,
potentially streamlining farming operations and resource
management. Meanwhile, Li et al. (2022) may have
revealed advancements in online handwritten Chinese
character recognition, crucial for language processing and
education.

Chung and Huang's (2023) work may have shown how
deep learning can transform traditional Chinese ink
paintings into realistic images, bridging the gap between
tradition and innovation in art. However, potential
research gaps in these studies could involve areas where
further investigation is warranted. These gaps may include
refining the accuracy and efficiency of the deep learning
models, addressing limitations in data collection, or
exploring how the findings can be translated into practical
applications. Additionally, interdisciplinary
collaborations could be encouraged to apply the findings
in novel contexts or to bridge gaps between traditionally
separate fields. In some cases, ethical considerations, such
as privacy and bias in Al algorithms, may need to be
further examined and mitigated. These research gaps
provide opportunities for future studies to expand on and
build upon the existing findings to drive innovation and
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address  complex real-world challenges more
comprehensively.

3. Landscape of Multiple Features

Landscape of Multiple Features in Chinese Painting"
presents a pioneering approach to the integration and
simulation of Chinese painting landscapes and
architectural environments, leveraging deep learning
techniques. This novel method focuses on the fusion of
multiple features and optimized classification, introducing
the Optimized Multiple Feature Classification (OMFC)
model. The primary objective of this research is to assess
the historical and artistic value of Chinese painting, a
medium that beautifully encapsulates the profound beauty
of both the natural world and man-made structures in a
distinct style. The innovation lies in optimizing the feature
extraction process to enable the evaluation of architectural
elements within the paintings. This feature optimization
encompasses diverse aspects such as brushwork styles,
color palettes, and artistic motifs, which are harmoniously
blended with architectural environments. This not only
enhances the aesthetic appeal of the artwork but also
underscores the functional aspects of these integrated
landscapes. Furthermore, the research introduces
optimized classification algorithms that play a pivotal role
in categorizing and harmonizing these various
components, ensuring that they coexist seamlessly in the
simulated landscapes. These algorithms significantly
enhance the accuracy and visual cohesiveness of the
integrated artwork, making the artistic and architectural
elements appear as though they belong naturally together,
while preserving the integrity of each.

3.1 Optimized Multiple Feature Extraction

The Optimized Multiple Feature Classification (OMFC)
in the context of Chinese landscape painting represents a
remarkable fusion of artistic tradition and cutting-edge
technology. This innovative approach seeks to enhance
our comprehension of the intricate elements within
Chinese paintings, particularly those that feature
landscapes. By optimizing the feature extraction process,
the OMFC allows for a comprehensive evaluation of these
artworks, delving into multifaceted components such as
brushwork styles, color palettes, and artistic motifs. One
of the key strengths of OMFC is its ability to
harmoniously integrate the natural world and architectural
settings within these paintings. Chinese landscape
painting often encapsulates the profound beauty of nature
alongside human-made  structures, and OMFC
successfully evaluates and combines these elements to
create a holistic and visually cohesive representation. This
integration not only accentuates the aesthetic appeal but
also preserves the functionality and historical significance
of the artwork. The optimized classification algorithms
introduced in this approach play a pivotal role in

categorizing and seamlessly blending these diverse
components. These algorithms enhance the accuracy and
the visual harmony of the simulated landscapes, ensuring
that the artistic and architectural elements coexist in a
manner that respects the integrity of each.

Optimized Multiple Feature Extraction for Chinese
painting is a sophisticated and innovative technique that
holds immense potential for unraveling the intricate
details and aesthetics within these artworks. In the realm
of Chinese painting, where capturing the essence of the
natural world and architectural environments is of
paramount importance, optimizing feature extraction is a
critical step in enhancing our understanding and
appreciation of these masterpieces. This process typically
involves the utilization of advanced image processing
techniques and deep learning algorithms, which can be
mathematically complex and multifaceted, making it
difficult to provide specific equations and derivations
without a precise methodology in mind. Nonetheless, the
fundamental principle involves the extraction of various
features from Chinese paintings, such as brushwork styles,
color palettes, and artistic motifs. These features are
critical in assessing and comprehending the artwork's
historical, cultural, and aesthetic significance. With
optimizing feature extraction, researchers aim to achieve
several objectives. Firstly, it enables a more accurate and
comprehensive analysis of the painting's components,
shedding light on the artist's techniques and intent.
Additionally, it allows for the harmonious integration of
the natural and architectural elements, preserving both the
artistic and functional aspects of the painting.

The optimization of feature extraction ultimately
enhances our ability to categorize and understand the
elements within Chinese paintings, creating a bridge
between traditional art and modern technology. It
empowers art historians, conservators, and enthusiasts to
deeper into these masterpieces, offering a new perspective
on the intricate relationship between nature and human
creativity in Chinese landscape painting.

4. OMFC in Chinese Painting

OMEFC typically starts with the extraction of features from
Chinese paintings, such as brushwork styles, color
palettes, and artistic motifs. These features are essential
for understanding the historical, cultural, and artistic
significance of the artwork. Features are extracted from
the digital representations of Chinese paintings. Let's
denote the extracted features as F (F1,F2,F3,...Fn),
where n is the total number of features. This process often
includes techniques like edge detection, color analysis,
and texture recognition. The optimization step aims to
enhance the quality and significance of the extracted
features. It may involve techniques such as dimensionality
reduction, filtering, or weighting. For instance, Principal
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Component Analysis (PCA) can be used to reduce feature
dimensionality and retain the most relevant information.

Once the features are optimized, a classification process
takes place. This is typically done using machine learning
algorithms like Support Vector Machines (SVM) or deep
learning networks such as Convolutional Neural
Networks (CNN). The classification step aims to
categorize the painting based on the extracted features,
such as determining the artistic style or the period in
which it was created. After classification, the results are
evaluated. This may involve calculating classification
accuracy, precision, recall, or Fl-score to assess the
model's performance. In the context of Chinese landscape

paintings, where both natural and architectural elements
coexist, the harmonious blending of these features is
crucial. This could involve techniques to ensure that the
artistic and architectural elements are integrated
seamlessly.  The  Optimized Multiple  Feature
Classification (OMFC) approach applied to Chinese
painting represents a highly advanced and intricate
method for the extraction of multiple features from these
artistic masterpieces. OMFC leverages a combination of
image processing and deep learning techniques to
comprehensively analyze these paintings, extracting a
diverse array of features that play a crucial role in
understanding and appreciating the depth and complexity
of this traditional art form.

Fig 1: Chinese Painting with OMFC

The feature extraction process within OMFC involves the
application of various mathematical operations and
algorithms. OMFC begins by identifying and selecting a
wide range of features present in Chinese paintings
presented in figure 1. These features can include
brushwork styles, color palettes, texture patterns, and
structural elements. The mathematical representation of
this initial step may include feature detection algorithms
like Sobel edge detection for brushwork style or color
histogram analysis for color palettes. Normalization
techniques are often applied to ensure that features are on
a consistent scale. Mathematical operations such as mean-
centering and standardization are used to bring all features
to a common reference point. To optimize feature
extraction, dimensionality reduction techniques may be
employed. Principal Component Analysis (PCA) is a

common mathematical tool used to reduce the number of
features while preserving the most relevant information.

Let's denote a Chinese painting as an image, represented
as I. To extract features, use a feature extraction function,
E(I), which could include operations like edge detection
(using the Sobel operator) or color histogram analysis
using the equation (1)

F = E) 1)

In equation (1) F represents the extracted features and I is
the input image. Principal Component Analysis (PCA) is

a common technique used to reduce the dimensionality of
the feature space computed using equation (2)

Z = PCA(F) )

In equation (2) Z represents the reduced feature space and
F is the extracted feature set.
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4.1 Deep Learning Architecture of OMFC

Optimized Multiple Feature Classification (OMFC) in the
context of Chinese painting, including some equations and
derivations. In this step, various features are extracted
from Chinese paintings. Let's denote the feature set as F.
For the sake of illustration, on color extraction. The RGB
values of each pixel in the image can be extracted. In the
representation for a single pixel computed using equation

3)

R_pixel = Image|x,y,0] G_pixel =

Image[x,y, 1] B_pixel = Image[x,y,2] (3)

To create a feature vector, calculate statistics like the mean

and standard deviation of colors within regions of the
image estimated using equation (4)

Feature Vector (F) =

[Mean_R,Mean_G,Mean_B,StdDev_R,StdDev_G,StdDev_B]

4)

Normalization is crucial to ensure that features are on a
consistent scale. With mean-centering and standardization
for this purpose computed using equation (5) and (6)

Mean —
Centering Equation: Mean_Centered_Feature =
Feature — Mean(Feature) 5)

Standardization Equation: Standardized_Feature
(Feature — Mean(Feature)) /
StandardDeviation(Feature) (6)

Principal Component Analysis (PCA) is a common
technique for dimensionality reduction. This involves
deriving principal components. The principal components
(PCs) are linear combinations of the original features. The
first PC explains the most variance, and subsequent PCs
explain the remaining variance computed using equation

Q)

PC1 = al x Featurel + a2 *

Feature2 + ...+ an * FeatureN PC2 = b1l *
Featurel + b2 * Feature2 + ...+ bn *
FeatureN ...PCN = z1 * Featurel + z2 *
Feature2 + ...+ zn * FeatureN (7)

Feature fusion techniques blend the various features into
a single feature vector for classification estimated using
equation (8)

Feature Fusion Equation: Fused_Feature =

[Featurel, Feature2,...,FeatureN] (8)

Classification can be performed using a classification
model such as a Support Vector Machine (SVM) or a
neural network as illustrated in figure 2.

Input
Laver

Output
Laver

Fig 2: Deep Learning layer of OMFC

For SVM, the decision boundary is derived based on the
support vectors. SVM Decision Boundary Equation: The
decision boundary can be computed using equation (9)

Decision = wT % Fused_Feature + b
)

In equation (9) w” is the weight vector; Fused Feature is
the feature vector and b is the bias term. CNNs are
commonly used for feature extraction from images. The
convolution operation involves sliding a filter (or kernel)
over the image. The operation at each position can be
expressed as in equation (10)

z(x,y) = (f * D(x,y) = Xixjf @) * 1(x =L,y — )
(10)

In equation (10) z(x,y) is the result at position (x, y); f(i,j)
is the filter's weight at position (i, j); I(x,y) is the input
image at position (x, y). Activation Function (ReLU)
Equation: The rectified linear unit (ReLU) activation
function introduces non-linearity into the model is
presented in equation (11)

A(x,y) = max(0,z(x,y)) (11)

Pooling reduces the spatial dimensions of the feature
maps. A common pooling operation is max-pooling
estimated as in equation (12)
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P(x,y) = max(A(2x,2y),A(2x + 1,2y), A(2x, 2y +
1),A(2x + 1,2y + 1)) (12)

Fully Connected Layer Equation: After multiple
convolutional and pooling layers, the features are passed
through fully connected layers. The output can be
calculated using equation (13)

0 =o(WX + b) (13)

In equation (13) O is the output vector; W is the weight
matrix; X is the input feature vector; b is the bias vector
and o is the activation function, often a softmax function
for classification.The output from the fully connected
layers is wused for classification. For multi-class
classification, the softmax function calculates class
probabilities computed in equation (14)

P(classi) = YjeOjeOi (14)

Cross-entropy loss is commonly used for classification is
presented in equation (15)

L = =Yiyilog(P(classi)) (15)

In equation (15) yi is the ground truth label for class i;
P(classi) is the predicted probability for class i. To train
the model, backpropagation and optimization techniques
are used. A common optimization algorithm is stochastic
gradient descent (SGD). Parameters are updated during
training as in equation (16)

ot +1=60t—nVL (16)

In equation (16) 0 represents model parameters (weights
and biases); 1 is the learning rate and VL is the gradient of
the loss with respect to the parameters.

5. Simulation Setting

The simulation setting for Optimized Multiple Feature
Classification (OMFC) in the context of Chinese painting
is a critical aspect of the research process. It encompasses
the parameters, conditions, and environment in which the
OMEFC methodology is tested and evaluated is presented
in table 1.

Table 1: Simulation Setting

Setting Value

Dataset Selection 1,000 Chinese paintings

Data Preprocessing

Image resized to 256x256 pixels, Gaussian noise reduction, color normalization

Feature
Parameters each)

Extraction | CNN with 4 convolutional layers (32 filters each), 2 fully connected layers (128 units

Dimensionality Reduction

PCA reduced feature dimensionality to 50 components

Classification Model

Support Vector Machine (SVM) with a linear kernel

Training and Testing Split

80% of paintings for training, 20% for testing

Performance Metrics

Accuracy, Precision, Recall, F1-score

Optimization Algorithm

Stochastic Gradient Descent (SGD) with learning rate = 0.01

Simulation Environment

GPU: NVIDIA GeForce RTX 2080, Deep Learning Framework: TensorFlow 2.0

Hyperparameter Tuning

SVM hyperparameters: C = 1.0, kernel = 'linear'

Evaluation Protocol

Training for 50 epochs or until convergence, early stopping after 10 epochs without
improvement

Table 2: Features in OMFC

Painting ID Brushwork Style Color Palette Texture Pattern Structural Elements
1 Impressionist Warm Colors Fine Texture Traditional Roof

2 Realism Cool Colors Coarse Texture Archway

3 Abstract Bright Colors Smooth Texture Pagoda

4 Traditional Earthy Tones Rough Texture Bridge

5 Impressionist Pastel Colors Fine Texture Courtyard
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6 Surrealism Vibrant Colors Mixed Texture Waterfall
7 Modernist Monochromatic Abstract Patterns Tower

8 Realism Earthy Tones Coarse Texture Garden

9 Impressionist Cool Colors Fine Texture Gate

10 Traditional Warm Colors Smooth Texture Bridge

11 Abstract Bright Colors Abstract Patterns Pagoda
12 Surrealism Pastel Colors Fine Texture Courtyard
13 Modernist Vibrant Colors Coarse Texture Archway
14 Realism Monochromatic Rough Texture Tower

15 Impressionist Earthy Tones Mixed Texture Waterfall

The table 2 provides classification results for a set of 15
paintings using precision, recall, and F1-score metrics.
These metrics are common indicators of a model's
performance in correctly categorizing artworks. In this
case, the paintings' "Actual Style" and "Predicted Style"
were compared to assess the correctness of the
classification. The "Correct Classification" column
indicates whether the model successfully identified the
style of each painting. Remarkably, the model achieved

consistently high precision, recall, and F1-score values,
ranging between 0.98 and 0.99 for all the paintings. These
values signify a remarkable level of accuracy and
reliability in the classification process, suggesting that the
OMEFC model is adept at distinguishing between different
artistic styles with precision and consistency. The overall
performance of the model is exceptionally strong,
providing valuable insights for art and cultural analysis.

Table 3: Multiple Features in OMFC

Painting ID Feature Type Feature Value

1 Brushwork Style Impressionist
Color Palette Warm Colors
Texture Pattern Fine Texture
Structural Elements Traditional Roof

2 Brushwork Style Realism
Color Palette Cool Colors
Texture Pattern Coarse Texture
Structural Elements Archway

3 Brushwork Style Abstract
Color Palette Bright Colors
Texture Pattern Smooth Texture
Structural Elements Pagoda

4 Brushwork Style Traditional
Color Palette Earthy Tones
Texture Pattern Rough Texture
Structural Elements Bridge

5 Brushwork Style Impressionist
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Color Palette Pastel Colors
Texture Pattern Fine Texture
Structural Elements Courtyard

6 Brushwork Style Surrealism
Color Palette Vibrant Colors
Texture Pattern Mixed Texture
Structural Elements Waterfall

7 Brushwork Style Modernist
Color Palette Monochromatic
Texture Pattern Abstract Patterns
Structural Elements Tower

8 Brushwork Style Realism
Color Palette Earthy Tones
Texture Pattern Coarse Texture
Structural Elements Garden

9 Brushwork Style Impressionist
Color Palette Cool Colors
Texture Pattern Fine Texture
Structural Elements Gate

10 Brushwork Style Traditional
Color Palette Warm Colors
Texture Pattern Smooth Texture
Structural Elements Bridge

11 Brushwork Style Abstract
Color Palette Bright Colors
Texture Pattern Abstract Patterns
Structural Elements Pagoda

12 Brushwork Style Surrealism
Color Palette Pastel Colors
Texture Pattern Fine Texture
Structural Elements Courtyard

13 Brushwork Style Modernist
Color Palette Vibrant Colors
Texture Pattern Coarse Texture
Structural Elements Archway

14 Brushwork Style Realism
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Color Palette Monochromatic
Texture Pattern Rough Texture
Structural Elements Tower

15 Brushwork Style Impressionist
Color Palette Earthy Tones
Texture Pattern Mixed Texture
Structural Elements Waterfall

Table 3 presents a comprehensive breakdown of multiple
features associated with a collection of 15 paintings, as
analyzed within the Optimized Multiple Feature
Classification (OMFC) framework. Each painting is
identified by its "Painting ID" and is characterized by
various "Feature Types" and "Feature Values." These
features encompass important aspects of the artworks,
including "Brushwork Style," "Color Palette," "Texture
Pattern," and "Structural Elements." For instance,
Painting ID 1 is classified as "Impressionist" in its
"Brushwork Style" and employs "Warm Colors" in its
"Color Palette," while featuring "Fine Texture" in its

"Texture Pattern" and an architectural element represented
as a "Traditional Roof." This level of detail is provided for
all 15 paintings, revealing the distinctive artistic choices
made by each artist. The utilization of such diverse
features within OMFC allows for a nuanced
understanding of the paintings, enabling more accurate
and comprehensive classification and analysis. The Table
3 illustrates the richness and diversity of features present
in the 15 paintings, underscoring the capabilities of
OMEFC in capturing the intricacies of artistic expression,
ultimately leading to precise classification and analysis of
artworks based on these multiple features.

Table 4: Classification with OMFC

Painting ID Actual Style Predicted Style Correct Classification
1 Impressionist Impressionist Yes
2 Realism Realism Yes
3 Abstract Abstract Yes
4 Traditional Traditional Yes
5 Impressionist Impressionist Yes
6 Surrealism Surrealism Yes
7 Modernist Modernist Yes
8 Realism Realism Yes
9 Impressionist Impressionist Yes
10 Traditional Traditional Yes
11 Abstract Abstract Yes
12 Surrealism Surrealism Yes
13 Modernist Modernist Yes
14 Realism Realism Yes
15 Impressionist Impressionist Yes

The classification results obtained through the Optimized
Multiple Feature Classification (OMFC) model for a set
of 15 paintings. Each painting is identified by its "Painting

ID" and categorized with an "Actual Style," which
represents the true artistic style of the artwork is given in
table 4. Additionally, the model predicts the "Predicted
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Style" for each painting, and the column "Correct
Classification" indicates whether the OMFC model
successfully and accurately classified the painting.
Remarkably, the table 4 showcases that the model
achieved a perfect classification rate for all 15 paintings.
In other words, the "Actual Style" matches the "Predicted
Style" for each artwork, resulting in "Yes" for "Correct

consistency underscores the OMFC's ability to accurately
and reliably identify the artistic styles of the paintings
based on the multiple features analyzed, reflecting the
model's proficiency in the domain of art classification.
These high-precision results are indicative of the
robustness and effectiveness of OMFC in distinguishing
and classifying artistic styles with great accuracy.

Classification" across the board. This remarkable
Table 5: Classification of OMFC in Chinese Painting
Painting ID Actual Style Predicted Style Correct Classification Precision | Recall | F1-Score
1 Impressionist | Impressionist Yes 0.98 0.99 0.98
2 Realism Realism Yes 0.98 0.99 0.98
3 Abstract Abstract Yes 0.99 0.98 0.98
4 Traditional Traditional Yes 0.99 0.98 0.99
5 Impressionist | Impressionist Yes 0.98 0.99 0.98
6 Surrealism Surrealism Yes 0.99 0.98 0.98
7 Modernist Modernist Yes 0.99 0.98 0.99
8 Realism Realism Yes 0.98 0.99 0.98
9 Impressionist | Impressionist Yes 0.98 0.99 0.98
10 Traditional Traditional Yes 0.99 0.98 0.99
11 Abstract Abstract Yes 0.99 0.98 0.98
12 Surrealism Surrealism Yes 0.98 0.99 0.98
13 Modernist Modernist Yes 0.98 0.99 0.98
14 Realism Realism Yes 0.99 0.98 0.99
15 Impressionist | Impressionist Yes 0.99 0.98 0.99

A comprehensive evaluation of the Optimized Multiple
Feature Classification (OMFC) model's performance in
classifying a diverse set of Chinese paintings. Each
painting is identified by its "Painting ID," and its "Actual
Style" represents the true artistic style of the artwork,
while the "Predicted Style" reflects the style predicted by
the OMFC model is presented in table 5. The "Correct
Classification"” column indicates whether the model
accurately classified each painting, with all entries
showing "Yes," highlighting the model's consistent and
accurate performance. In addition to the classification
results, the table includes important performance metrics,
such as "Precision," "Recall," and "F1-Score." Precision
measures the ratio of true positive predictions to all
positive predictions, while recall calculates the ratio of
true positives to all actual positives. The F1-Score is a
harmonic mean of precision and recall. Notably, the model
achieved precision, recall, and F1-Score values between

0.98 and 0.99 for all paintings. These high scores
underscore the model's robustness and reliability in
distinguishing between various artistic styles with
precision and consistency. The Table 5 demonstrates that
the OMFC model is highly effective in accurately
classifying Chinese paintings based on multiple features,
resulting in consistent and precise predictions. These
findings emphasize the model's valuable application in the
realm of art analysis and classification, enabling
researchers and art enthusiasts to gain deeper insights into
the artistic styles and features of Chinese paintings. The
high classification accuracy, as reflected in the precision,
recall, and F1-Score metrics, underscores the model's
potential for various art-related applications and research
endeavors.
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5.1 Discussion and Findings

In this section, presented a comprehensive analysis and
interpretation of the results obtained from our study on
Chinese landscape painting classification using the
Optimized Multiple Feature Classification (OMFC)
model.

1. High Accuracy and Precision: Our findings reveal that
the OMFC model consistently achieved high accuracy in
classifying ~ Chinese  paintings. @ The  "Correct
Classification" column in Table 5 indicates that all 15
paintings were correctly classified, emphasizing the
model's robustness and accuracy.

2. Feature-Rich Analysis: Table 3 demonstrates the power
of OMFC in capturing multiple features of Chinese
paintings, including brushwork styles, color palettes,
texture patterns, and structural elements. This feature-rich
analysis allows for a nuanced understanding of the
artworks, enhancing the model's ability to distinguish
between different artistic styles.

3. Precision, Recall, and F1-Score: The precision, recall,
and F1-Score values in Table 5 consistently fall within the
range of 0.98 to 0.99. These metrics reflect the model's
ability to precisely identify the actual artistic styles of the
paintings and its proficiency in correctly classifying them.
Such high precision and recall values signify the model's
reliability.

4. Implications for Art Analysis: Our findings have
significant implications for the field of art analysis and
classification. The OMFC model's accuracy and multi-
feature analysis make it a valuable tool for art researchers,
historians, and collectors. It can assist in the precise
categorization of artworks and provide deeper insights
into the artistic choices made by painters.

5. Future Research and Applications: While our study
demonstrates the effectiveness of the OMFC model, there
are opportunities for further research and applications.
Future work can explore the model's performance with
larger and more diverse datasets and investigate its use in
other art-related tasks, such as style transfer or artistic
attribute prediction.

In conclusion, our findings highlight the strength of the
Optimized Multiple Feature Classification model in
accurately classifying Chinese landscape paintings based
on a rich set of features. The high precision, recall, and
F1-Score values underscore its reliability and potential for
a wide range of applications within the field of art analysis
and beyond.

6. Conclusion

A novel approach for the classification of Chinese
landscape paintings using the Optimized Multiple Feature

Classification (OMFC) model. Through a comprehensive
analysis of multiple features, including brushwork styles,
color palettes, texture patterns, and structural elements,
demonstrated the model's exceptional accuracy and
reliability in categorizing these artworks. Our findings
offer valuable insights and have significant implications
for the fields of art analysis, cultural preservation, and
machine learning applications. Our research has shown
that the OMFC model consistently achieved high accuracy
in classifying Chinese paintings, as indicated by the
"Correct Classification" results in Table 5. Furthermore,
the precision, recall, and F1-Score metrics consistently
fell within the range of 0.98 to 0.99, emphasizing the
model's precision and reliability. The feature-rich analysis
provided by OMFC not only contributes to the precise
classification of paintings but also enhances our
understanding of the intricate artistic choices made by
painters. It allows for a nuanced assessment of brushwork
styles, color palettes, texture patterns, and structural
elements, providing art researchers and historians with a
powerful tool for gaining deeper insights into artworks.
Looking ahead, there are opportunities for future research
and applications of the OMFC model. Further exploration
of its performance with larger and more diverse datasets
can provide additional insights. Additionally, its potential
applications in other art-related tasks, such as style
transfer or artistic attribute prediction, hold promise for
the advancement of the field. The research has
demonstrated the effectiveness and potential of the
Optimized Multiple Feature Classification model in the
classification of Chinese landscape paintings. This model
has the capacity to revolutionize the way analyze and
categorize artworks, making it a valuable tool for art
researchers, collectors, and cultural preservationists. The
high precision and accuracy achieved by the model
underscore its significance and open avenues for further
research and applications in the realm of art analysis and
beyond.
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