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Abstract: This study’s main goal is to create a useful software application for finding and classifying
fine art photos in museums and art galleries. There is an increasing need for tools to swiftly analyze
and arrange art collections based on their artistic styles as a result of the digitization of art collections.
To increase the accuracy of the style categorization, the suggested technique involves two parts. The
input image is split into five sub-patches in the first stage. A DCNN that has been particularly trained
for this task is then used to classify each patch individually. A decision-making module using a
shallow neural network is part of the second phase. Probability vectors acquired from the first-phase
classifier are used to train this network. The results from each of the five patches are combined in this
phase to deduce the final style classification for the input image. One key advantage of this approach
is employing probability vectors rather than images, and the second phase is trained separately from
the first. This helps compensate for any potential errors made during the first phase, improving
accuracy in the final classification. To evaluate the proposed method, six various already-trained
CNN models, namely AlexNet, VGG-16, VGG-19, GoogLeNet, ResNet-50, and InceptionV3, were
employed as the first-phase classifiers. The second-phase classifier was implemented as a shallow
neural network. By using four representative art datasets, experimental trials were conducted
using the Australian Native Art dataset, the WikiArt dataset, ILSVRC, and Pandora 18k. The
findings showed that the recommended strategy greatly surpassed existing methods in terms of style
categorization accuracy and precision. Overall, the study assists in creating efficient software systems
for analyzing and categorizing fine art images, making them more accessible to the general public
through digital platforms. Using pre-trained models, we were able to attain an accuracy of 90.7. Our
model performed better with a higher accuracy of 96.5 as a result of fine-tuning and transfer learning.

Keywords: modern art classification; cluster of paintings; deep learning; multi-phase classification;
transfer learning; digital humanities

MSC: 68T07

1. Introduction

The technique for semantic classification of images representing fine art paintings
is addressed in this research using a multi-phased machine learning strategy. The pro-
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posed method demonstrates how a machine can effectively perceive a creative style. This
research tends to review the semantic gap issue, possibly the most critical challenge in
picture recovery and identification by machine. In general, image classification can be
thought of as labeling an image to be placed in a particular category [1]. Images can be
categorized according to “what they depict”, which varies depending on the kind of labels
used. This is known as object recognition (for example, acknowledgment of scenes versus
representations, dogs versus cats, kinds of written characters, etc.). The question “what
is the meaning” of the image is the basis for the second kind of labeling, called semantic
classification (for example, happy versus sad images, safe versus dangerous road scenes,
and visually appealing scenes versus scenes that are not). Semantic classification, which is
subjective and person-dependent, is still largely unknown, even though traditional machine
learning methods can efficiently solve the object recognition task [2].

In both art history and computer science, categorizing fine art styles has long been
a difficult task. There is a problem with this work that experts frequently refer to as the
“semantic gap”. This phrase captures the stark contrast between the intricate and varied
character of creative forms and the constraints of conventional approaches to art analysis
and classification. The semantic chasm highlights how difficult it is to precisely define
and categorize artistic expression, which is elusive and frequently subjective. Through the
use of machine-based art classification, this study aims to close the semantic gap. We seek
to fundamentally alter how we view and comprehend the many fine art genres through
the use of cutting-edge technology and computational techniques. This project not only
resolves the age-old problem of classifying various art forms but also opens up several
revolutionary opportunities.

Highly qualified and skilled art professionals who have spent years of research and
education on the particulars and tiny details of delicate art objects possess the skill to
identify an artistic style in the paintings. These skills have a very exclusive character for
many years because they need to be learned over a long period through exposure to the
visual world. The increasing accessibility of online collections and digital sources has
made fine art more readily available to the general public. This has created a demand
for making art knowledge accessible to a broader audience. One approach to addressing
this demand is to transfer the skills of human professionals to machines. Machines can
be made capable of tagging and identifying the artistic genre of unknown images if they
are trained with large datasets of fine art labeled by human professionals [3]. This enables
the automatic retrieval of images, classifying art genres, and labeling unlabeled images in
art museums. Additionally, machine-based art knowledge can be applied to finding lost
art or creating robots with a sense of aesthetics and appreciation for art similar to humans.
When classifying paintings, the most common semantic criterion is style. Style is defined in
the visual arts as a group of distinguishing features that can be linked to a specific artistic
style, thought, or era [4]. However, even for experts, categorizing a painting’s distinct
stylistic category can be challenging. A portion of the difficulties incorporates the doubtful
interpretability of unique and stylish components, nuances that separate different artistic
categories, smooth changes of periods of art, and creative qualities that have attributes of
numerous styles or have a place with no style [5,6].

Automatic art classification has gathered increasing interest over the past ten years,
and deep learning methods have played a prominent role in addressing this problem.
These methods often employ transfer learning or fine-tuning techniques using various
pre-trained CNNs. Transfer learning is the process of customizing a pre-trained CNN
model that has been trained on a sizable dataset (like ImageNet) for a particular job, such
as painting classification. By leveraging the knowledge learned from the pre-training, CNN
can effectively extract meaningful features from paintings and classify them into different
categories [7]. This approach has shown promising results compared to traditional methods
that focused on manually determining the best set of characters to be drawn from art objects
for classification. Deep learning models have demonstrated the ability to automatically
learn hierarchical representations of data, allowing for more effective feature extraction and
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classification. Furthermore, some non-network classifiers, such as SVM or random forests,
can be trained using features extracted by finely tuned CNNs. By combining the power of
deep learning for feature extraction with traditional classification algorithms, researchers
have explored different methods to improve the accuracy of art classification [8]. Transfer
learning is a technique that allows the adaptation or reuse of an already trained network
model. This was developed using an extensive dataset for a specific task to perform a
similar task with a smaller dataset.

In painting style classification, transfer learning enables the modification of complex
network models that have been pre-trained on large datasets of natural images to classify
painting styles. The advantage of transfer learning is that it significantly reduces the
training time required and utilizes smaller datasets compared to the original pre-training
task. By leveraging the knowledge and representations learned from the large dataset, the
network model can be fine-tuned to perform style classification on paintings. Deep learning
techniques have shown positive results in painting style classification, although they were
not as successful as in image object recognition tasks. Most studies utilize standard CNN
architectures, for which an image of fixed size is required, which can have a lower resolution
than the images present in datasets [9]. Consequently, the analyzed paintings need to be
resized to fit the expected input dimensions, which can result in geometric deformation and
content distortion, and relevant details can be lost. This downsizing process can damage
the accuracy of the method used for classification, as it may lead to a loss of texture and
compositional details, such as brushstroke position, orientation, length, and width, as well
as variations in light, color, and shape. To address the challenges posed by fixed input
image sizes in fine art style classification, a sub-region technique is used.

With this method, the original image is divided into patches with sizes that correspond
to the CNN model’s default image input size. This approach offers several advantages. It
allows for a more detailed examination of different regions within an artwork, capturing
fine-grained information and preserving important artistic details. This approach considers
that different painting regions may exhibit distinct style characteristics [10]. Based on this
sub-region approach, a two-phase painting classification strategy is proposed in this re-
search. The first stage of the suggested method involves segmenting the image into patches
and using a deep neural network (NN) to train and identify each patch independently.
This allows for a localized analysis of style within the artwork. In the second phase, a
shallow neural network is employed. It is trained on the probability vectors provided by
the first-phase classifier. This second-phase classifier combines the results from each patch
to generate the final style label for the entire artwork. The suggested technique is assessed
and compared with existing strategies using three fine art databases [11]. To understand
the impact of different levels of complexity, six well-known CNN models are tested as
the first-phase classifiers. The results of the proposed method are compared with the
performance of other recent methods in the field. By adopting the sub-region approach and
utilizing a two-phase classification strategy, this research aims to improve the accuracy and
effectiveness of fine art style classification. The evaluation and comparison with existing
methods provide insights into the performance and capabilities of different CNN models
for this task.

1.1. Research Questions
This study’s principal research questions include the following:

e Can visual cues be used to accurately define fine art forms using machine learning
algorithms?

*  How might the robustness and accuracy of style categorization be increased by the
use of deep learning techniques?

¢ What effects will automated art classification have on the market for fine art, cultural
preservation, and art history?

We aim to shed light on the potential of machine-based art classification to offer new
perspectives on art history, aid cultural preservation, and enlighten the art market, in addi-



Mathematics 2023, 11, 4564

4 of 27

tion to improving the accuracy of categorization. By highlighting the symbiotic relationship
between technology and the humanities and how it might improve our comprehension
and appreciation of great art, this research adds to the continuing conversation in the
domains of computer science and art history. The purpose of this research is to create a
machine-learning model that can correctly categorize paintings into predetermined cate-
gories following their artistic qualities. Style, genre, age, and perhaps even the creator’s
identity are examples of qualities.

1.2. Contributions
The following are a hybrid model’s significant contributions:

*  We divided the proposed approach into two independently trained classification
phases.

¢  Intheinitial phase, a deep convolutional neural network is employed, which is trained
directly on the image data. This phase aims to learn and extract relevant features from
the images indicative of different artistic styles. The deep CNN is capable of capturing
complex visual patterns and representations.

* A shallow neural network (NN), which is trained using the class probability vectors
produced by the first-phase classifier, is used in the classification process in the second
phase. Instead of working directly with the image data, this phase operates on the
probabilities assigned to each artistic style by the first-phase classifier.

e To ensure a comprehensive analysis, six different CNN models with varying architec-
tural complexities were utilized.

¢ According to the research findings, we combined local patch-based analysis with a
comprehensive analysis of the complete image to produce the greatest results for
stylistic art analysis.

The remaining sections of the paper are as follows:

¢ Section 2 provides a comprehensive overview of previous research on style painting
classification. It covers the various techniques and methods in this field, highlighting
their strengths and limitations.

*  Section 3 describes the proposed method for style painting classification.

®  Section 4 focuses on the experiments conducted to evaluate the proposed method.

*  Section 5 finally concludes with a summary of the main findings and contributions.

2. Related Work

This section offers a thorough discussion of the many methods for classifying fine
art styles, including both conventional and deep learning techniques. We will group this
study by approach and add critical analysis and method comparisons to make it easier to
read and understand. The problem of categorizing fine art has been approached through
various methods, broadly categorized into traditional and deep learning (DL) strategies.
Details of these two groups are discussed below:

2.1. Traditional Approaches

The foundation of this discipline has long been established by conventional methods
of art classification. These techniques frequently rely on human feature extraction and
professional curation. In classical approaches [12], the process of style classification be-
gins with extracting a set of low-level image descriptors from the input artwork. These
descriptors capture specific visual features, such as color, texture, shape, or local vital
points. Once the descriptors are extracted, they are input to standard classification algo-
rithms. These algorithms can include decision trees [13], SVM [14], kNN [15], or other
statistical classifiers [16]. The classification algorithm compares the extracted features with
a pre-defined set of style categories and assigns the artwork to the most appropriate class
based on the similarity of features. These traditional methods rely on carefully handcrafted
features and use well-established classification algorithms to categorize fine art based on
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style. However, their performance may vary depending on the choice of descriptors and
the effectiveness of the classification algorithm.

2.2. Deep Learning Strategies

Deep learning has significantly improved art classification, thanks to the strength of
neural networks and massive data. In preceding years, deep learning strategies, particu-
larly convolutional neural networks (CNNs) [17], have gained popularity in fine art style
classification. With deep neural networks, these DL techniques can automatically learn
hierarchical representations from unprocessed image data. In DL-based approaches, the
CNN models are typically trained on significant datasets, such as ImageNet, using millions
of natural images. The pre-trained models [18] capture general visual features and can be
fine-tuned or adapted for fine art style classification using transfer learning techniques. The
pre-trained CNN models learn to recognize abstract visual patterns and textures, enabling
them to capture complex style characteristics. By utilizing deep learning techniques, these
models can automatically learn relevant features directly from the artwork images, elimi-
nating the need for handcrafted descriptors. This allows for more effective and data-driven
representation learning, potentially improving the accuracy of style classification. Accuracy,
scalability, interoperability, and data requirements are all evaluated, and it becomes obvious
that while deep learning approaches have revolutionized the classification of art styles
due to their higher accuracy and scalability, they also pose problems for interpretability
and data requirements. Even though they have limitations, traditional approaches provide
insightful interpretations and can be helpful when there is a dearth of labeled data. The
future of art classification may lie in combining the two methods, successfully utilizing
their individual strengths to close the semantic gap.

Previous research tried the plausibility of painting genre classification on tiny datasets
of images and utilizing a couple of style classifications. A dataset of 513 images was
used to classify three styles, as shown in [19]. A method known as “weighted nearest
neighbor (WNN)” was used as a classifier, and several transforms, including Fourier,
Chebyshev, and wavelet, were used to extract the features. Different instances of significant
works in light of the extraction of low-level features incorporate techniques proposed
in [20,21]. In the previous study, a training dataset comprising 490 paintings was utilized
to draw out features and classify seven distinct art genres. The classification process
employed methods such as the opponent scale-invariant feature transform (O-SIFT) and
the color scale-invariant feature transform (CSIFT) algorithms. Similarly, the latter study
employed a dataset called Painting-91, consisting of 4266 images across 13 styles. Various
feature-extraction techniques were implemented, including color local binary patterns,
local binary patterns (LBPs), generalized image search tree (GIST), histogram of oriented
gradient (HOG) parameters, pyramid of histograms of orientation gradients (PHOGsS),
and scale-invariant feature transform (SIFT). To classify the extracted features in both
studies, the SVM algorithm was employed. Multi-class classification results with low-level
features were lacking [20,21]. In [22], various combinations of features and classifiers were
investigated. In [23], the focus was on investigating the order of three art styles based on
subjective variety descriptors and similarity.

This investigation utilized classifiers such as support vector machines (SVMs) and
k-nearest neighbors (k-NNs). However, no significant advancements were achieved in any
of these instances. Furthermore, in another study [24], the classification of 6777 paintings
into eight style groups was explored by investigating unsupervised feature extraction
techniques. Unfortunately, no noteworthy progress was made in this endeavor. However,
the field experienced a breakthrough when researchers started incorporating deep learning
(DL) methods. By leveraging convolutional neural networks (CNNs) pre-trained on vast
image datasets, significant advancements were finally achieved in image classification
tasks. Recent research in the field of style classification has been dominated by pre-trained
and fine-tuned CNN models, which possess the capability to learn features and infer style
labels effectively. Transfer learning, which involves fine-tuning a pre-trained network using
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a small dataset, has played a crucial role in achieving these advancements. In this process,
a pre-trained CNN is adapted to serve as a feature extractor within various deep-learning
methods [25-31]. Notably, introducing pre-trained CNN models brought about a shift
in determining knowledge-based features. Instead, the features were represented by the
parameters of the network itself.

To classify these network parameters, linear classifiers like support vector machines
(SVMs) were commonly utilized. A significant and comprehensive investigation of artistic
work grouping was reported in [25]. This study covered an extensive range of artistic
works, demonstrating the substantial scope of the research conducted. Studies in this
subject have consistently yielded accurate classification results utilizing features generated
by a pre-trained CNN model on a sizable dataset of paintings representing 25 styles. The
SVM was employed as the classifier of choice. Remarkably, these studies demonstrated that
DL-based style classification models surpassed classical models based on knowledge-based
features. For instance, in [31], the efficiency of feature extraction using pre-trained CNN
models was compared to the efficiency achieved using a comprehensive collection of hand-
designed visual descriptors. The results revealed that the CNN-based feature extraction
method outperformed other approaches significantly. Furthermore, transfer learning was
applied to enhance style classification by leveraging the same CNN model for feature
learning and label inference. This technique improved the accuracy and performance of
the style classification models. The work by [32] stands as one of the pioneering systematic
studies employing the method of utilizing pre-trained CNN models for style classification.
Their study involved many paintings, encompassing more than 27 stylistic categories.

The AlexNet, a pre-trained CNN originally designed for object classification, was
used in this research. Notably, it was demonstrated that training the CNN model “from
scratch” yielded superior results compared to typical non-network classifiers trained using
CNN-derived features. Subsequent studies [33,34] conducted similarly have consistently
confirmed these findings. The use of pre-trained CNN models for style classification has
proven highly effective, surpassing the performance of traditional classifiers trained on
CNN-derived features. In [35], the suggestion was made that object classification data
could potentially lead to better results compared to using transfer learning with an initial
image recognition or sentiment analysis training for the CNN model. The authors proposed
that using specific data related to object classification tasks could improve the performance
of the CNN model. On the other hand, ref. [36] focused on studying style order results
from calibrating three separate CNN models. Principal component analysis (PCA) is used
by researchers to learn and analyze CNN representations of artistic styles. The findings of
this study indicated a strong correlation between the chronological order of paintings and
the features extracted by the CNN models.

In [37], the study focused on painting recognition using image patches. Specifically,
binary identification of Van Goh’s painting was performed. The approach involved utilizing
an SVM model trained with features extracted from a CNN model. A smaller dataset
consisting of 332 paintings was used to train the CNN. Each analyzed image was divided
into patches, and each patch was assigned a unique classification. The highest-scoring
categorization patch was used to make the final decision about the painting. Moving on
to [38], this study investigated image analysis using datasets containing images of varying
sizes. The researchers employed autonomous CNNs trained on various image scales and
calculated the average score across these models to create images of artworks based on
artist recognition. This approach aimed to handle images of different sizes effectively.
In a similar study, [39] proposed a three-layer multi-scale pyramid framework for artist
recognition. The first layer of the CNN examined fixed-sized input images from input
photos expanded by two and four times. The second layer read four patches, while the
third layer considered sixteen patches. The category with the highest average class entropy
was the basis for the choice.

In [40], an intriguing patch-based approach was proposed for classifying paintings
based on their style. The study utilized a dataset of 2337 images with 13 different style
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groups to train a complex three-branch CNN architecture. The CNN received three random
patches as inputs. Three patches were created: two from the original image and one from
a scaled-down version of the same image. This approach aimed to capture style-related
information from different parts of the artwork. In [41], a different approach was suggested
for classifying artistic styles across a large image dataset. The study employed a boosted
ensemble of SVMs and utilized color histograms and image topographic descriptors as
features. The classification results from analyzing the entire painting, and a few random
sub-regions were combined using majority voting to decide on the painting’s style. In [42],
it was demonstrated that incorporating a sum of outcomes for individual patches can
greatly enhance classification results. The study utilized a CNN to classify each patch
independently, and then an average of the classification results was calculated to choose
the ultimate style label. The values were determined using mathematical optimizations
to enhance the overall accuracy of style ordering. This optimized approach significantly
improved the accuracy of style classification. Building on this, in our proposed method,
we introduce a two-phase characterization calculation that further enhances the results
of patch-based style characterization. This two-phase process aims to provide additional
improvements in accurately classifying artistic styles based on fixed image regions.

3. Methodology

The proposed two-phase classification system for fine-art style classification draws in-
spiration from patch analysis and the multi-stage classification technique described in [43].
It involves dividing artwork into patches, classifying each patch using a deep neural net-
work in the first phase, generating probability vectors for each style class, and performing
a second-phase classification using a shallow NN or another classifier to produce the fi-
nal style label for the entire artwork. This approach aims to improve the accuracy and
effectiveness of style classification by considering localized style characteristics and overall
style patterns in the artwork. An artificial neural network with a minimal number of layers
between the input and output layers is known as a shallow neural network (shallow NN).
An input layer, one or more hidden layers, and an output layer are the typical components,
as shown in Figure 1. For tasks like classification, regression, and pattern recognition,
shallow NNs are frequently utilized [44]. Shallow neural networks (NNs) are appropriate
for many machine learning tasks, but they might not be as effective for challenging issues
such as deeper structures, like deep neural networks (DNNs) or convolutional neural
networks (CNNSs). They are a useful option for some applications since they require less
calculation and are simpler to read.

Shallow NNs have one or more buried layers with many neurons in each layer. Using
weights and biases, these neurons modify the input data in linear and nonlinear ways.
The architecture of the network (such as how many hidden layers to utilize) and the
number of neurons in each hidden layer are normally decided through experimentation
and domain expertise. Shallow NNs can act as foundational models for increasingly difficult
problems. We utilized a shallow neural network because it is straightforward and requires
less computation. Shallow NNs demand less processing power for both inference and
training. A family of neural networks called deep convolutional neural networks (CNNs) is
intended for processing and categorizing visual data, notably images. These networks are
increasingly being used for computer vision applications like picture segmentation, object
detection, and classification. An outline of the architecture and parts generally present
in a deep CNN can be found here: input layer, convolutional layers, activation function,
output layer, dropout layer, batch normalization, and optimizer. Different architectures
for deep CNNSs are possible, each with a unique number of layers, filter sizes, and layer
configurations. Popular CNN architectures with distinct design philosophies include VGG,
ResNet, and Inception. These networks are frequently utilized as the foundation for transfer
learning in a variety of computer vision applications because they have already been pre-
trained on big-picture datasets. The applicability of deep convolutional neural networks
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Figure 1. Basic architecture of shallow neural network.

3.1. Advantages and Disadvantages of DCNNs and Shallow NNs

DCNN Advantages:

DCNN:s are very adept at learning hierarchical data representations in computer vision
tasks. They automatically extract significant features at various abstraction levels.
On benchmark datasets, DCNNs have demonstrated state-of-the-art performance in
image-related tasks like image classification, object detection, and segmentation. They
are effective at managing complicated and big databases.

Smaller datasets can be used to fine-tune pre-trained DCNNSs (like VGG and ResNet)
on certain tasks, yielding noticeable performance increases and needing less data than
training from scratch.

DCNN s are suited for a variety of computer vision applications since they can handle
huge and high-resolution images.

DCNN Disadvantages:

It can be computationally expensive to train and use DCNNSs, particularly for deep
architectures. A lot of processing power and specialized gear, like GPUs, may be
needed for this.

DCNNSs are less useful for smaller datasets since they frequently need a lot of labeled
data to train effectively.

Deep neural networks, particularly DCNNSs, are frequently regarded as “black-box”
models, making it difficult to understand how they produce predictions.

Shallow NN Advantages:

Shallow neural networks are easier to understand since the connections between input
and output are relatively simple. They are therefore valuable in applications where it
is critical to comprehend the model’s decision-making process.

SNNs require less processing power than deep networks. They are relatively simple
to train and utilize using common hardware.
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e  Shallow networks are advantageous when data is scarce since they may perform
effectively with fewer datasets.

*  SNNs can be used to solve a variety of issues, including regression, classification, and
time-series forecasting, and are not just applicable to picture data.

Shallow NN Disadvantages:

*  Shallow networks might have trouble detecting intricate hierarchical patterns in data.
They use manual feature engineering, which can take a lot of time.

*  SNNs might not perform as well as DCNNs, which can automatically learn rich
representations, in jobs involving high-dimensional data or complex patterns.

e Opverfitting can occur in shallow networks, especially when the dataset is limited and
the feature space is high dimensional.

In summary, DCNNs excel in autonomously learning hierarchical features, making
them particularly well-suited for jobs involving complicated visual data and big datasets.
They do, however, have computational and data needs. SNNs are advantageous for
short datasets or where comprehending the model’s decisions is crucial because they are
more interpretable and computationally economical. The particular specifications and
characteristics of the current challenge should serve as a guide for deciding between
DCNNSs and SNNs.

3.2. Breakdown of Different Phases

The classification of styles in the proposed method involves two phases. Here is a
breakdown of each phase and its components:

e Image Division: The input image is divided into five patches or sections (P1-P5). This
division allows for a localized style analysis within different image regions.

¢ Deep CNN Classification: It uses a deep convolutional neural network CNN model
to categorize each patch’s artistic approach. The CNN model can learn and extract
style cues from the input patches since it has been trained on a sizable dataset of
labeled photos.

*  Probability Vector Combination: The classification results from the first phase, in
the form of probability vectors (C1-C5), are collected and combined into a single
input vector.

*  Shallow NN Classification: In the second phase, a shallow neural network or another
classifier is employed to classify the combined probability vector and produce the
ultimate style label for the input image. The probability vectors generated from the
initial phase classification are used to train this classifier.

*  Images are used to train the deep CNN classifier in the first step from a labeled dataset,
allowing it to learn to classify individual patches based on their style.

*  The second phase shallow neural network classifier is trained on the class-probability
vectors generated by the first phase classification. It learns to assess the classification
abilities of the first-phase classifiers and make the final style decision based on the
combined information.

By utilizing both phases, the proposed method incorporates the expertise of multiple
“assessors” (the first phase classifiers), which evaluate different parts of the image. In the
second phase, the classifier learns to assess the classification abilities of these assessors
and make the final decision based on their input. In the following sections, this research
provides a more detailed analysis and explanation of the individual components of the
proposed method.
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3.3. Phase 1—Patch Extraction

In the image, five patches have been identified. Before dividing the image into these
patches, it is necessary to scale up the image by a suitable factor to ensure that the size of
the patches aligns with the requirements of a specific CNN model. The first four patches
correspond to different image sections: P1 represents the upper right section, P2 represents
the upper left section, P3 represents the lower right section, and P4 represents the lower
left section. The fifth patch, P5, is distinct as it encompasses the focal point of the artwork
as shown in Figure 2. P5 covers 25% of each of the other four patches, indicating that it
overlaps with all of them. To meet the input requirements of the CNN model, the image is
scaled up before being divided into patches. The scaling factor will depend on the desired
patch size specified by the CNN model’s input requirements.

P1 'p %2

1

PL P2  P3 P4

Figure 2. Process of patch extraction in phase 1.

3.4. Phase 2— Deep CNN Classifier

During the initial synchronization PHASE, Sync 1, the five patches (P1-P5) are indi-
vidually inputted into a specific CNN model known as Classifier 1. The objective of this
PHASE is to obtain intermediate style classification results for each patch, denoted as C1,
C2, C3, C4, and C5. Bypassing each patch through Classifier 1, the model performs style
classification on a localized level, focusing on the distinctive characteristics within each
patch. The output of Classifier 1 provides information about the artistic style of each patch,
capturing the style-related features specific to that particular region of the image. Sync 1
allows for the independent classification of each patch, enabling a more detailed analysis
of the artwork’s style on a localized basis. The results obtained from Classifier 1 for each
patch serve as the basis for the subsequent phases in the overall classification process.

Two options exist for training the CNN model: starting from scratch or using transfer
learning with a pre-trained model. The choice depends on the available computational and
data resources. Transfer learning is effective when resources are limited as it leverages the
knowledge gained from pre-existing models. Training from scratch requires significant
training time and data. During transfer learning, the last three layers of the pre-trained
CNN model are adjusted to align with the desired style classification task. These layers
comprise the classification output layer, the softmax layer, and the final fully linked layer.
The size of the last fully connected layer depends on the number of distinct artistic styles
considered in the classification. The softmax layer plays a crucial role in producing a
vector representing the probabilities of each patch belonging to different potential artistic
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style classes. The softmax function normalizes the output values, providing a probability
distribution over the style classes.

In the second synchronization PHASE, denoted as Sync 2, the output vectors C;
(where i represents the input image index, j represents the patch number, and k represents
the style index) contain the style probabilities P; ; x with every patch j of the specified image
I. These probabilities are computed for each style index k using Equation (1):

Cij = Pijk @M
for K=1, ..., L — (i) The classification output layer assigns each patch to a mutually
exclusive stylistic category based on the highest probability value.

3.5. Phase 3—Assembling of Probability Vectors

In PHASE 2, the probability vectors C; j, which correspond to patches belonging to
the same image I, are combined into a single vector called I;. This concatenation operation
is represented by Equation (2): Here, pi, j, k represent the probability of patch j in image
i belonging to artistic style k. The concatenated vector Ii contains the possibilities for all
N patches and L artistic styles. The second phase classifier, Classifier 2 uses the resulting
vector of probabilities, Ii, as its input features. Classifier 2 is a shallow NN that utilizes Ii to
make the final style classification decision for the input image. Combining the probability
vectors from each patch into a single vector, the second phase classifier leverages the
collective information of all patches to generate the ultimate style label for the examined
image. This two-phase approach ensures that the second-phase classifier compensates
for any potential errors or inconsistencies made by the first-phase classifiers operating on
individual patches. Overall, the concatenated vector I; derived from the probability vectors
of all patches is employed as input for Classifier 2, facilitating the determination of the final
artistic style classification for the input image as shown in Figure 3.
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Figure 3. Assembling of probability vectors in phase 3.
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3.6. Phase 4—Shallow NN Classifier

The second classifier is crucial in generating the final style classification label in the
two-phase process as shown in Figure 4. It accomplishes this by utilizing the probability
vector Ii, acquired from PHASE 3, as input features. Both phases of the process are trained
concurrently. The first phase entails training a CNN model that produces style probabilities
as its output scores. The second phase classifier, a standard classifier, employs these CNN
training scores as input features during its training phase. The double classifier must be
trained to use the style probabilities efficiently obtained from the first phase to classify
styles accurately. After introducing both classifiers, the same two-phase procedure may
determine the label for an unlabeled input image. The second stage classifier uses the
probabilities produced by the first phase CNN as features.
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Figure 4. Final style classification labeling process in phase 4.

4. Results and Discussion
4.1. Dataset

Machine learning largely depends upon the data. High-quality training must be
applied to the charter; otherwise, even the best algorithm would not yield the desired results.
Therefore, high-quality training data is the most fundamental aspect of machine learning,
and training data shows the original data used in the model. In the present research,
supervised learning was employed to guide the module with indicated trading data. When
the data is labeled, the same dataset is segregated with fundamental identification features.
These features are helpful for the module to learn and train. Hence, can we argue that
the ability of the bottle to know the outcomes and execute high-quality predictions will
mainly be affected by the extractor features from the datasets and the quality of labeling.
The dataset is taken from Kaggle. To validate the efficiency of the suggested technique,
three datasets comprising digital images of paintings were utilized. These datasets were
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obtained from publicly accessible art collections. Additionally, the authors of the technique
created an additional dataset focused explicitly on Australian native art. By incorporating
multiple datasets, the evaluation process encompassed various artistic styles and genres.
Including the Australian Native Art dataset demonstrates the authors’ efforts to encompass
diverse cultural artwork within the validation process. By applying the proposed technique
to these datasets, the authors could assess its efficiency and determine its suitability for
performing style classification tasks on computerized images of paintings.

4.1.1. Dataset 1

The initial dataset had 30,870 images, each representing a distinct artistic style. To
ensure balanced representation, adjustments were made to the expressive classes. Conse-
quently, each class was composed of 5145 pictures, accounting for approximately 16.67% of
the total images. The expressionism, impressionism, post-impressionism, Australian Aborigi-
nal art, realism, and romanticism aesthetic movements were chosen for the classification work.

These styles were carefully selected from the extensive WikiArt dataset [45] based on
their availability of a substantial number of images, ensuring an adequate representation
of Aboriginal-style images within the dataset as shown in Figure 5. This selection process
aimed to create a balanced and comprehensive collection of artistic styles for accurate
classification. Due to the nature of the WikiArt dataset, where the images were labeled
by volunteers from the general public rather than art professionals, a manual verification
process was implemented. This involved examining the labels for accuracy and eliminating
non-fine art or low-quality paintings from the dataset.

Figure 5. Digitized Artworks Sample taken from WikiArt Dataset.

4.1.2. Dataset 2

The main objective of Dataset 2 was to include a broader range of art styles as shown in
Figure 6 compared to Dataset 1. Similarly to Dataset 1, the Australian Aboriginal paintings
in Dataset 2 were primarily sourced from the WikiArt collection. The initial WikiArt
collection contained over 85,000 paintings, categorized into 27 different styles. However,
there was a notable disparity in the number of images representing each style, ranging
from 12,000 to only 98 images per style [45].
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Figure 6. Sample taken from Australian Aboriginal paintings dataset.

To address this imbalance, 23 out of the 27 categories of style taken from the WikiArt
database were selected, aiming for a more equitable representation. Additionally, three
classes related to cubism were combined into a single class, resulting in a total of 21 WikiArt
styles. In addition to the Australian native style, Dataset 2 comprised 26,400 images across
22 styles. Each style was allocated 1200 images, corresponding to 5% of the total number of
images. This approach ensured a balanced representation of styles while also considering
the computational resources required to analyze the images within the limitations of the
present hardware. Figure 7 illustrates the distribution of styles in Dataset 2.

WIKI ART DATASET
Aboriginal (6%) Symbolism (6%)

Abstract Art (4%) Surrealism (4%)

Romanticism (3%)
Baroque (6%)

Rococo (6%)
Byzantin
Iconography (5%)

Realism (7%)

Cubism (7%)

Impressionism

(4%)
Early Renaissance
(6%)
Pop Art (5%)
Expressionism (4%) Northern

Renaissance (3%)

Fauvism (6%) Naive Art (6%)

High Renaissance L
(5%) Impressionism (6%)

Figure 7. Distribution of each style in percentage in WikiArt dataset.

4.1.3. Dataset 3

Images of paintings from the Paintings Dataset for Categorising the Art Movement
(Pandora 18k) were included in Dataset 3. The creative movements were categorized using
these images. The dataset’s features could be classified using various methods, including a
multiclass support vector machine (SVM), a Gaussian mixture model (GMM), or a shallow
neural network. These techniques enable the classification and recognition of different art
movements based on the features extracted from the images. Dataset 3 included images
from the Pandora 18K dataset [46,47] in addition to the Australian original style. The
dataset comprised a total of 19 styles and 19,320 images. Figure 8 visually represents the
distribution of images among the different styles, showcasing a relatively balanced number
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of images for each style. One of the Pandora 18K dataset’s key advantages was its high
label validity level; unlike the WikiArt collection, where the public generated labels, the
labels in the Pandora 18K dataset were assigned strictly by art experts. This ensured greater
accuracy and reliability in the labeling process, enhancing the quality and trustworthiness
of the dataset.

PANDORA 18K DATASET

Aboriginal (7%) Symbolism (5%)
Surrealism (6%)

Abstract Art (6%)

Romanticism (5%)

Baroque (5%)

Byzantin Rococo (4%)

Iconography (4%)

Realism (6%)

Cubism (6%)

t Impressionism
(7%)

Expressionism (5%)

Pop Art (6%)

Fauvism (4%)
Northern

Renaissance (4%)
Naive Art (5%)

High Renaissance
(%)

Impressionism (7%)

Figure 8. Distribution of each style in percentage in Pandora 18K dataset.

4.2. Research Methodology

The overall flow of the project is presented in Figure 9, which shows the stages involved
in the implementation of the research, from data collection to evaluation of the results.

| Data Source |_,| Data Selection H Data Processing H Data Mining I_,I Data Evaluation |

Accuracy,

Data Data RF, SVM, Precision,

—_— Augmentation Resize CNN Recall, F1
Wiki Art Score

Figure 9. Painting classification architecture.

4.3. Calculation Formulas for the Evaluation Matrices

*  Precision: Precision is the ratio of correctly predicted positive classes to all correctly
and incorrectly predicted positive classes made by the model.

*  Recall: Recall is the proportion of positive observations projected to occur to all other
positive observations.

*  Fl1-Score: The Fl-score is determined by averaging precision and recall over a weighted
period.

4.4. Experimental Setup

The experimental set-up utilized for evaluation and testing is shown in Table 1. To
evaluate the proposed approach, six popular CNN architectures, namely VGG-16, AlexNet,
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VGG-19, ResNet-50, Inceptionv3, and GoogLeNet, were employed. The ImageNet Large
Scale Visual Recognition Challenge (ILSVRC) dataset served as a pre-training ground
for these architectures, consisting of approximately 1.2 million labeled images covering
1000 classes. By leveraging the knowledge captured through pretraining on ImageNet,
the models possess a broad understanding of visual patterns and objects. This transfer
learning approach enables the proposed method described in Figure 10 to benefit from the
expertise and capabilities of these well-established models, avoiding the need for training
from scratch. Utilizing these pre-trained CNN architectures shown in Figure 11 allows for
a comprehensive evaluation of the proposed approach using state-of-the-art models that
have demonstrated effectiveness in various computer vision tasks.

Table 1. Experimental Setup.

CNN

Parameters Value
Libraries Numpy, Panda, TensorFlow, and PyTorch
Datasets Australian Native Art dataset, WikiArt dataset, ILSVRC, and Pandora 18k.
Australian Aboriginal art 30,870
WikiArt 85,000
Pandora 18K 19,320
ImageNet 1.2 million
Platform Jupiter Notebook
Languages Python
Single Node System, Configuration RAM 8GB, Intel Core i7
TRAINING TEST
_ ) Context-Aware
B nscriuionsos ez S . A OReigious .. Embeddings
: LB 3 @ Landscape
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Figure 10. Training and testing setup for the method proposed.

The final three fully connected layers of each network were changed to accommodate
the number of classes in the target dataset to modify these CNN models for artwork style
recognition. These adjusted models were then fine-tuned to optimize their performance
in recognizing artwork styles. Table 2 provides an overview of the CNN models’ key
characteristics. Among the evaluated CNN architectures, GoogleNet, ResNet-50, and
Inceptionv3 stand out with their more intricate and deeper designs, incorporating non-
linear components like inception modules or residual blocks. In contrast, VGG-16, AlexNet,
and VGG-19 follow a sequential architecture. These variations in architectural complexity
provide a diverse set of models to assess the proposed approach, offering insights into
the performance and suitability of different CNN designs for the given task. To train and
evaluate the CNN models, 80% of the dataset was utilized for training, while the remaining
20% was used for testing the system’s performance.



Mathematics 2023, 11, 4564 17 of 27

Table 2. CNN model Characteristics.

Model No. of Layers Architecture Input Size Size in MB Parameters (Millions)
AlexNet 8 Linear 227 x 227 227 61

VGG-16 16 Linear 224 x 224 515 138

Vcg-19 19 Linear 224 x 224 535 144

GoogleNet 22 Inception Model 224 x 224 27 7

ResNet-50 50 Residual Blocks 224 x 224 94 25

Inception V3 48 Inception Model 299 x 299 88 23

The classification accuracy was evaluated using a three-fold cross-validation scheme.
The average accuracy across all folds was calculated and reported as the final result. To
obtain the overall accuracy, the average of all testing patches or samples was computed,
providing a comprehensive assessment of the model’s performance.

a
> Renaissance

—lilr — | o I i S, Impressionism

Cubism

Input Convolution Pooling Convolution Pooling Output

Fully-
connected
Figure 11. Structure of CNN architecture with layers.

4.4.1. Case 1—Baseline

A single-phase classification approach was employed, and the input images for the
CNN models were not divided into patches. Instead, each image was resized to fit the
required dimensions of the respective CNN architecture. The precision of each CNN
model was determined by averaging the results across all analyzed images. This approach
considered the overall performance of the models based on the average accuracy obtained
from the complete images.

4.4.2. Individual Patches for Case 2

A single-phase classification method was used in Situation 1, but the input photos
were treated differently. In example 2, the photos were separated into five patches. Using
the matching style label, each patch was then separately classified. The framework treated
these patches as separate entities since it did not grasp their connections. Each original
image had to go through up-sampling, which doubled its size from the CNN input, to meet
the demands of the CNNs before being separated into the five patches. This methodology
allowed for examining the individual style characteristics in different image regions without
considering any contextual information or interactions between the patches during the
classification process. In contrast to the prior method, the split of the photos into patches
resulted in a five-fold increase in the size of the training dataset. By taking a weighted
average of the classification outcomes acquired for each of the five patches, which were
represented as probability vectors, the categorization of a painting’s style was established.
This weighted averaging method considered the influence of each patch’s classification
result when determining the overall style of the painting. Rather than using majority
voting or simply averaging the probability values, this approach assigned appropriate
weights to each patch’s classification outcome, considering their relative importance in
the final decision. This weighted averaging technique aimed to provide a more nuanced
and comprehensive assessment of the painting’s style by incorporating the contributions
of individual patches in a more balanced manner. To optimize the classification accuracy
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of the entire system, a numerical optimization algorithm was employed. This algorithm
determined the optimal weight values with the highest possible classification accuracy.

4.4.3. Case 3: Voting by a Majority

The method used to partition the input photos into five patches and separately classify
each patch to obtain style labels was the same in this test case as it was in Case 2. However,
determining the final style label for each original input image deviated from the previous
approach. Instead of taking a weighted average of the classification results, a different
process was employed. The final style label for each original input image was determined
using a straightforward majority vote among the five patch classification results. The style
category that received the highest number of votes was assigned as the label for the entire
painting in situations where, in the event of a tie between two or more labels, the label
with the highest probability value was selected as the winner. This approach allowed for a
democratic decision-making process, where the most frequently predicted style among the
patches was chosen as the overall style label for the painting. The label with the highest
likelihood value was used to break ties and determine the final style assignment when
multiple styles received equal votes. The accuracy of each CNN model was assessed by
computing the average of all the analyzed photos. This approach provided a comprehensive
assessment of the models’ performance by considering the overall accuracy based on the
average results obtained from all tested images.

4.4.4. Case 4—Average Probability

The average probability for each class was calculated across the five patches of an
image in this case, comparable to Case 3, instead of using the majority voting method. The
final label for that particular image was given to the class with the highest average chance.
The average of all observed images was determined to assess each CNN model’s accuracy.

4.4.5. Evaluation Metrics

In the context of classifying paintings, or any other classification task, precision, recall,
and Fl-score are crucial evaluation measures. They aid in evaluating how well a machine
learning model or system performs when classifying paintings into various groups or
categories. Precision in the classification of paintings indicates the percentage of artworks
that were accurately categorized inside a given category. High precision means that the
model is typically right when it asserts that an artwork belongs to a particular category.
Recall provides information on the percentage of paintings in a given category that were
successfully classified in the context of classifying artworks. High recall indicates that the
model does an excellent job of capturing the majority of the paintings in a given category.

TP+ TN

TP+TN+FP+FN @

Accuracy =

Equation (4) allows us to assess the precision of each CNN model based on the average
results obtained from all observed images.

Recall:
TP
Recall = ———— 3
COt = TP ¥ EN) @)
where TP is true positive, and FP is false negative [48].
Precision:
TP
Precision = TP+ FP) 4)

where TP is true positive, and FP is false negative [48].
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F1-Score: It is a harmonious method of recall and precision. As it becomes closer to 1,
it displays a better value, and 0 indicates the poorest value for the Fl-score. The metrics
derived from recall and precision by applying [48]:

_ 2X(PrecisionxRecall)

F1
(Precision + Recall)

©)

Landscapes, portraits, abstract art, etc., are just a few examples of the various categories
or classes that can be used to classify paintings. These metrics can be generated for each
category to evaluate the performance of the model for each class independently. To obtain a
comprehensive evaluation of the model’s effectiveness across all categories, it is possible to
additionally compute micro- or macro-averaged versions of these metrics. These evaluation
metrics assist researchers in determining how well your model is doing at categorizing
artworks into the necessary groups while balancing the trade-off between precision and
recall according to the needs of the application in question.

4.4.6. Weighted Average, Case 5

A different strategy was used in the revised patch categorization technique, which was
motivated by Scenarios 3 and 4. A weighted average of the classification results obtained
for each of the five patches was utilized rather than the majority vote or average probability
value. An algorithm for numerical optimization was used to determine the ideal weight
values to increase the system’s overall classification accuracy.

4.4.7. Proposed Two-Phase Classification in Case 6 Using Only Patches

The two-phase approach proposed in Chapter III was implemented in this case. Fol-
lowing the methodology outlined in Equation (2), based on the initial phase categorization,
the probability vectors of individual patches within an image were combined to form fea-
ture vectors. These feature vectors were subsequently utilized as input for the second phase
classifier to determine the final label for the analyzed image. This multi-phase process
allowed for a more comprehensive analysis by capturing the combined information from
the individual patch classifications and leveraging it to make a more informed decision
regarding the overall label of the image. To identify the optimal second-phase classifier,
preliminary tests were carried out using the probability vectors produced by AlexNet.
Various classifiers were used to evaluate their performance, including coarse K-NN, sub-
space discriminant, a shallow NN, and multiclass SVM. After analyzing the results, the
shallow NN was selected as the most suitable second-phase classifier. This choice was
primarily influenced by the excellent performance demonstrated by the shallow NN, its
high adaptability during training, and its relative ease of implementation. The shallow
NN showed promise in effectively leveraging the probability vectors from the first phase
classification, making it a favorable choice for the subsequent classification task in the
proposed two-phase approach. The critical parameters of the shallow NN applied to each
dataset are presented in Table 3. A five-fold cross-validation approach was adopted to train
the shallow NN, dividing the data into training, validation, and testing sets. Specifically,
66% of the data were allocated for training the shallow NN, 14% for validation to fine-tune
the model’s parameters, and the remaining 20% for testing its performance. This data
division ensured that the shallow NN was adequately trained, validated, and stretched
across the datasets, allowing for reliable evaluation and comparison of its performance in
different scenarios. Adopting a cross-validation approach helped mitigate overfitting and
provided a robust assessment of the shallow NN’s generalization capabilities.
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Table 3. Characteristics of the shallow NN classifier.

Dataset  No. of Layers No. of Nodes Probability Vector Size No. of Categories

Dataset1 3 3600 30 6
Dataset2 5 2850/570 110 22
Dataset3 5 2375/475 95 19

4.4.8. Proposed Two-Phase Classification for Case 7 Using Both Patches and the
Entire Image

This case involves a methodology similar to the one Situation 6 utilized. However,
in addition to classifying patches, the first-phase classification process also involved or-
ganizing the whole resized image. The resized image was adjusted to match the input
requirements of the CNN model. This expansion in the first-phase classification is applied
considering the overall style characteristics of the entire image alongside the style attributes
present in the individual patches. By incorporating the category of the resized image, a
more comprehensive analysis of the style was achieved, combining local and global infor-
mation. This method sought to enhance the robustness and accuracy of the classification
process while capturing a comprehensive grasp of the style components present in the
image. By merging the patch probabilities with the image probabilities for diverse artistic
styles, the feature vectors transmitted to the second-phase shallow neural network became
more extensive. This occurred because the combined possibilities from multiple patches
were concatenated or stacked together, resulting in longer feature vectors. These extended
feature vectors incorporated the information from the individual patches and the overall
image classification. In essence, the entire image was considered an additional “sixth patch”
within the framework. By incorporating the complete picture as a distinct component,
the classification process benefited from the holistic information captured by the image-
level classification. This approach aimed to enhance the performance and accuracy of the
system by considering both the individual patch-level details and the overall image-level
characteristics within the feature vectors utilized by the second-phase shallow NN.

4.5. Flow of the Design Specification Process

Figure 12 depicts the three-tier architecture that was used to perform this project,
briefly summarizing the procedures used as well as the technologies and tools employed.

4.5.1. Testing of Pre-Trained Model

In this final round of testing, some sample images were input with the help of the
CNN, and the actual classes were compared with the predicted classes. We have shown the
best accuracy results with the code segments in the Table 4.

Table 4. Accuracy of Proposed Model.

Model Accuracy (%)
CNN models 90.7
Shallow NN 96.5

4.5.2. Fine-Tuning and Training

Figure 13 demonstrates the fine-tuning process, where a previously generated CNN
model is adapted to a new dataset using a low learning rate during the transfer learning
phase. Through fine-tuning and training, more accurate results can be achieved because
the model is retrained and then applied for testing. Figure 14 also illustrates the entire
procedure and working of fine-tuning and training. During this process, the previously
generated CNN model is utilized, excluding the output layer, which is adjusted to accom-
modate the number of target dataset classes. For instance, if the original model had two
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types and the new model required three categories, the output layer is modified accordingly.
By applying fine-tuning and training, the model can learn from the new dataset while
leveraging the pre-trained layers’ knowledge. The low learning rate ensures the model
makes more minor weight adjustments during training, leading to a more refined and
accurate outcome. By following this approach, we can observe improved results in terms
of classification accuracy.

TIER 1 : Presentation Tier

@ python

TIER 2 : Business Logic Tier

Data ‘ Image

.Augmenmllon ‘i Resize ‘ E:lﬂ::crlelon ‘
' | 0
e ok A Tensorflow O PyTorch
d ResNet-18,

ResNet-50

TIER 3 : Data Persistance Tier

@ 3800 images 700 images 500 images
(D |

= jupyter

‘W_I_HI\R! — - —

& python

Figure 12. Paint classification model training and testing environment.
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Figure 13. Fine-tuning process for source model and target model.

4.5.3. Testing

The performance of the new model was evaluated using a testing technique in the last
phase. This involved running sample images through the convolutional neural network
(CNN) and comparing the predicted and actual class classifications. By dividing the number
of accurate predictions by the total number of test datasets, the validity of the results was
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established. Table 4 demonstrates the code segment that yielded the highest accuracy result
of the transfer learning CNN model. This code segment as shown in Table 4 contains the
necessary steps to load the pre-trained model, fine-tune it on the new dataset, and evaluate
its performance on the test dataset. By analyzing the accuracy of the transfer learning
CNN model, we can gauge how effectively it performs in classifying the images in the
test dataset.

Dataset 1

5%
Dataset 2 Dataset 3
——— AlexNet —— VGG16 —— VGG19
— GooleNet — ResNet-50 — Inception V3

Figure 14. Differences between the proposed method’s accuracy (Case 6) and the benchmark (Case 1)
while employing various CNN models.

The overall outcome of the system is elaborated in Tables 5-7. The suggested two-
phase classification strategy demonstrated superior performance compared to other ap-
proaches in both Case 6 and Case 7. This improvement was observed across all CNN
models and datasets, highlighting the benefits of employing a second-phase classifier
trained on class-likelihood vectors rather than the original images. The second phase classi-
fication effectively compensated for the errors made during the first phase classification. It
is important to note that the results of the first phase training were unaffected by the second
phase training since both phases were trained independently. This implies that while the
second phase may not significantly contribute to the overall performance if the first phase
performs well, it also does not negatively impact the results achieved by the first phase.
However, when the first phase exhibits subpar performance, possibly due to inadequate
feature selection or training, the second phase can provide essential improvements without
requiring the first-phase classifier to undergo extensive training with larger datasets. More-
over, it was observed that the second phase’s nonlinear modeling, accomplished through
a neural network, outperformed more straightforward linear decision-making methods
such as majority voting, average probability, and weighted average. This superiority of the
nonlinear neural network modeling was consistently observed across all CNN models and
datasets investigated.
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Table 5. Dataset 1: average classification accuracy (%) for various classification CNN model and cases.

CNN Model Case 1l Case 2 Case 3 Case 4 Case 5 Case 6 Case 7

AlexNet 51.50% 48.50% 52.02% 53% 54.40% 61.53% 62.46%
VGG-16 52.80% 51.40% 53.10% 54.50% 56.04% 61.84% 62.69%
Vcg-19 52.90% 51.60% 53.40% 54.30% 55.90% 62.10% 62.81%
GoogleNet 54.50% 52% 55.50% 56.10% 57.60% 63.78% 64.42%
ResNet-50 56.80% 53.40% 56.90% 57.4% 58.50% 65.70% 66.64%

Inception V3 57.20% 54.50% 57.80% 58.30% 59.40% 66.18% 67.16%

The quality of the training dataset played a crucial role in determining the classification
results. Among all methods and CNN models, Dataset 3 yielded the best performance as
shown in Figure 14. Although Datasets 2 and 3 exhibited similar performance, they were
approximately 10% less accurate than Dataset 3. This gap can be attributable to Dataset
3’s greater quality, which was curated using qualified knowledge and qualified labeling.
Datasets 1 and 2, on the other hand, rely on volunteer non-expert annotations.

Table 6. Dataset 2: average classification accuracy (%) for various classification CNN models
and cases.

CNN Model Case 1l Case 2 Case 3 Case 4 Case 5 Case 6 Case 7

AlexNet 49.30% 44.80% 51.15% 52.10% 54.50% 59.37% 60.27%
VGG-16 51.15% 47.60% 53.14% 54.60% 56.70% 61.17% 62.11%
Vcg-19 51.85% 48.10% 52.65% 55.10% 57.10% 61.57% 62.49%
GoogleNet 53.95% 50% 54.78% 57.20% 58.90% 63.37% 64.27%
ResNet-50 56.55% 51.80% 57.43% 58.90% 60.90% 65.13% 66.02%

Inception V3 57.10% 52.10% 57.97% 59.70% 61.70% 65.83% 66.71%

Figure 14 provides further evidence supporting the conclusions mentioned above. It
compares the percentage precision of the proposed technique (Case 6) and the reference
method (Case 1) when applied to different CNN models and datasets. The difference
between the proposed method and the baseline method is more pronounced with higher
CNN model complication and better-quality training data. By examining the contrasting
outcomes between Case 6 and Case 2, the significance of incorporating the second-phase
classification becomes apparent. The influence of this addition can be directly observed
when comparing the outcomes. For instance, employing the simplest CNN model, AlexNet,
the accuracy in Case 6, which involves two-phase classification, surpasses that of Case 2,
which utilizes single-phase classification, by a notable margin. Specifically, for Dataset 1,
Case 6 achieves a 12% higher accuracy than Case 2, while for Dataset 2, the improvement is
14%, and for Dataset 3, it reaches an even higher 16% increase.

These findings serve to emphasize the considerable enhancement achieved by integrat-
ing the second phase of classification, leading to an overall improvement in the accuracy
of the system. An additional experiment was conducted using Dataset 3, excluding the
Australian Aboriginal style, to facilitate direct comparison between the outcomes of the
suggested two-phase classification method and the results reported in the latest study
utilizing the Pandoral8K dataset [41]. In that study, a combination of sub-region analysis
and boosted SVMs and visual descriptors achieved an average accuracy of 63.5%. More-
over, when employing a refined ResNet-50 model, the accuracy reached 62.1%, which is
comparable to the findings of similar studies. By incorporating the two-phase classification
method proposed in this work, the accuracy results obtained can be directly compared
to those reported in [41]. The baseline Case 1, which employed the ResNet-50 model,
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achieved an average classification accuracy of 63.9%, aligning with the findings of [41].
However, substantial improvements were observed when implementing the proposed
method in Cases 6 and 7. Specifically, Case 6 exhibited accuracy rates of 73.6% and 74.8%
when utilizing the ResNet-50 and InceptionV3 models, respectively. In comparison, Case
7 yielded even higher precision of 73.8% and 74.9% for the ResNet-50 and InceptionV3
models, respectively. These outcomes highlight the significant enhancements achieved
by the proposed two-phase classification method, surpassing the baseline accuracy and
demonstrating the effectiveness of utilizing more complex models, like InceptionV3, in
achieving higher classification accuracy rates.

Table 7. Dataset 3: average classification accuracy (%) for various classification CNN models

and cases.
CNN Model Casel Case 2 Case 3 Case 4 Case 5 Case 6 Case 7
AlexNet 62.20% 57.30% 62.62% 63.50% 64.80% 72.04% 73.11%
VGG-16 63% 58.20% 63.15% 64.20% 65.30% 72.64% 73.61%
Veg-19 62.87% 58.40% 63.01% 63.97% 65.07% 72.41% 73.36%
GoogleNet 64.10% 60.10% 64.43% 65.10% 66% 73.44% 74.37%
ResNet-50 65.97% 63.90% 66.57% 67.77% 68.57% 75.23% 76.14%
Inception V3 67.60% 63.40% 67.98% 69.40% 70.20% 76.57% 77.53%

The integration of patch classifications in Cases 3-5, employing various aggregation
methods such as majority voting (Case 3), non-weighted average (Case 4), or weighted
average (Case 5), demonstrated the advantage of incorporating knowledge about patch
relationships within the same image. As a result, these approaches consistently outper-
formed the baseline (Case 1) in accuracy. Consequently, it can be inferred from Figure 15
that accurate classification in the domain of stylistic art analysis relies on a combination
of global image and local patch-based information. This highlights the importance of
considering both aspects to achieve higher accuracy in the classification process.

Aboriginal 0.98 0.01 0.00 0.00 0.01 0.00
Expressionism 0.01 0.68 0.06 0.16 0.05 0.00
True Classes Impressionism 0.00 0.06 0.63 0.12 0.14 0.04
Post Impressionism 0.01 0.16 0.18 0.56 0.06 0.02
Realism 0.00 0.04 0.13 0.07 0.52 0.24
Romanticsim 0.00 0.05 0.05 0.02 0.20 0.68
0336\
& & = )
\ & .\o*‘{, éé:’ ] \0\&
N ) o
¥ Q«é’ & A ,z\;“’@ ds@o
¥ < & < ¥

Predicted Classes

Figure 15. Confusion arrays adjusted to Dataset 1 with the Inceptionv3 CNN model. The suggested
course of action (Case 6 patches only). Patch-based baseline (Case 2) is option B. The table cells’
shade intensity rises as the percentage accuracy value rises since the numbers represent percentage
accuracy (divided by 100).
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5. Conclusions

The presented research introduces the latest machine learning technique for painting
art style classification. Two independently trained phases of categorization make up the
suggested method. A deep convolutional neural network (CNN) trained exclusively on
the picture data is used in the first stage. This phase aims to learn and extract relevant
features from the images indicative of different artistic styles. The deep CNN is capable of
capturing complex visual patterns and representations. The second phase of classification
involves a shallow neural network (NN) that is trained on the class probability vectors
generated by the first-phase classifier. Instead of working directly with the image data, this
phase operates on the probabilities assigned to each artistic style by the first-phase classifier.
The shallow NN makes the final classification decision based on these probability vectors.
Comprehensive experimental validation tests were conducted to assess the effectiveness of
the proposed method. The proposed method was evaluated in comparison to four other
relevant methods as well as a baseline image categorization technique. To ensure a compre-
hensive analysis, six different CNN models with varying architectural complexities were
utilized. Additionally, three distinct datasets comprising images of fine art paintings were
employed for the evaluation. These rigorous tests were conducted to provide a thorough
assessment of the proposed method’s performance and its comparative advantages over
existing approaches. The research outcomes demonstrate clear advantages of the proposed
system compared to other existing techniques. It outperforms the baseline method and
the other related methods regarding classification accuracy. The results also highlight the
strong influence of the type of CNN model and the quality of the training data on the
classification outcomes. Different CNN models yield varying performance levels, and
higher-quality training data leads to improved classification results. A holistic analysis of
the complete image is combined with local patch-based analysis to produce the greatest re-
sults for stylistic art analysis, according to the research findings. By considering both small
patches within the image and the overall composition of the artwork, the proposed method
captures more comprehensive information and achieves higher accuracy in classifying
artistic styles. Furthermore, the confusion between different artistic styles aligns with their
historical similarity. This suggests the proposed method effectively captures the underlying
relationships and similarities between different styles, leading to more accurate classifi-
cation results. Future research in this field is focused on reducing misconceptions and
improving the classification accuracy for specific styles that exhibit high levels of similarity.
One promising direction involves exploring hierarchical structures of information sharing.
For this method to distinguish between closely similar styles, interdependent deep and
shallow networks must be trained. By leveraging the hierarchical relationships and sharing
information between these styles, it is anticipated that the classification performance can be
further enhanced. This exploration of novel approaches holds the potential to mitigate the
challenges posed by distinguishing similar styles and advance the accuracy and precision
of style classification in the domain of art analysis.
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