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Abstract: In recent years, advancements in data analysis techniques and deep learning algorithms have revolutionized the field of art and cultural
studies. Ancient Chinese stone carving decoration holds significant historical and cultural value, reflecting the artistic and stylistic evolution of
different periods. This paper explored the Weighted Long Short-Term Memory Deep Learning (WLSTM — DL) evolution and stylistic
characteristics of ancient Chinese stone carving decoration through the application of image visualization techniques combined with a Long Short-
Term Memory (LSTM) time-series deep learning architecture. The WLSTM-DL model uses the optimized feature selection with the grasshopper
optimization for the feature extraction and selection. By analyzing a comprehensive dataset of stone carving images from different periods, the
WLSTM-DL model captures the temporal relationships and patterns in the evolution of stone carving decoration. The model utilizes LSTM, a
specialized deep-learning architecture for time-series data, to uncover stylistic characteristics and identify significant changes over time. The
findings of this study provide valuable insights into the evolution and stylistic development of ancient Chinese stone carving decoration. The
application of image visualization techniques and the WLSTM-DL model showcase the potential of data analysis and deep learning in uncovering

hidden narratives and understanding the intricate details of ancient artworks.
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I. Introduction

Ancient Chinese stone carving decoration is an important
cultural heritage that offers insights into the artistic and stylistic
evolution of different periods. Analyzing and understanding the
patterns and characteristics of these carvings can provide
valuable information about the historical and cultural context in
which they were created [1]. With the advancements in data
analysis techniques and deep learning algorithms, it is now
possible to explore these artistic evolutions in a more
comprehensive and automated manner [2]. Ancient Chinese
stone carving decoration holds a significant place in the cultural
heritage of China, offering profound insights into the artistic
and stylistic evolution across different periods. These stone
carvings are not merely decorative artifacts but bear rich
historical and cultural significance, providing a glimpse into the
artistic expression, craftsmanship, and cultural context of the
times they were created [3]. Analyzing and understanding the
intricate patterns and unique characteristics of these carvings
can unravel hidden narratives and shed light on the historical,
social, and religious aspects prevalent during different periods
in ancient China. The exploration of these artistic evolutions
has traditionally relied on manual examination and expert
knowledge [4]. However, with recent advancements in data
analysis techniques and deep learning algorithms, there is now
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an opportunity to delve into these artistic transformations in a
more comprehensive and automated manner [5].

Data analysis techniques and deep learning algorithms
have revolutionized various fields, and art and cultural studies
are no exception [6]. With leveraging these advancements,
researchers can now apply computational methods to analyze
vast collections of stone carving images, extracting meaningful
insights and uncovering the evolution of stylistic characteristics
over time [7]. The combination of data analysis techniques and
deep learning algorithms enables researchers to capture the
temporal relationships and patterns present in the dataset. These
methods can identify significant changes in artistic styles, trace
the influences and innovations that shaped the stone carving
decoration, and provide a deeper understanding of the cultural
and historical context in which these artworks were created [8].
Automated analysis through data-driven approaches allows for
a more comprehensive exploration of the vast corpus of ancient
Chinese stone carving decoration [9]. Through employing
computational models, researchers can uncover hidden
connections, identify subtle variations in style, and gain a more
nuanced understanding of the development and evolution of
these artworks. This not only enhances our knowledge of
ancient Chinese culture but also provides a valuable resource
for preserving and safeguarding this cultural heritage [10].
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In this research paper, the propose a novel approach, the
Weighted Long Short-Term Memory Deep Learning (WLSTM-
DL) model, to explore the evolution and stylistic characteristics
of ancient Chinese stone carving decoration. By combining
image visualization techniques with a Long Short-Term
Memory (LSTM) time-series deep learning architecture, to
capture the temporal patterns and stylistic changes present in
the dataset. The application of image visualization techniques
and the WLSTM-DL model showcases the potential of data
analysis and deep learning in uncovering hidden narratives and
understanding the intricate details of ancient artworks. With
delving into the artistic and stylistic evolution of ancient
Chinese carving using
computational methods, enrich our understanding of this
cultural heritage and gain insights into the dynamic interplay
between art, history, and culture. The results of this research
have the potential to contribute to the preservation,
interpretation, and appreciation of ancient Chinese stone
carving decoration, while also inspiring further exploration and
research in the field of art and cultural studies.

stone decoration advanced

1I. Related works

In this section presented the existing literature associated
with the Chainese Stone Carving with the data analytics model.
In [11] provides a comprehensive overview of the evolution of
stone carving art in ancient China. It explores the stylistic
changes and cultural influences that shaped the development of
stone carving decoration across different dynasties. The
research highlights the significance of stone carving as a
cultural heritage and discusses the themes, motifs, and
techniques employed in ancient Chinese stone carvings. In [12]
focuses on the classification of ancient Chinese stone carving
styles. The study proposes
framework based on visual features and uses machine learning
techniques to automatically categorize and identify the stylistic
characteristics of stone carvings. The paper discusses the
importance of stylistic classification in understanding the
evolution of stone carving art and its cultural significance. In
[13] applies deep learning techniques to analyze the artistic
characteristics of ancient Chinese stone carvings. The

decoration a classification

researchers utilize convolutional neural networks (CNNs) to
extract visual features and identify stylistic elements present in
the carvings. The paper discusses the potential of deep learning
in automating the analysis of stone carving art and highlights
its contribution to the understanding of cultural heritage. In [14]
explores the temporal evolution of ancient Chinese stone
carving decoration using data mining techniques. The study
analyzes a large dataset of stone carving images from different
periods and applies clustering and association rule mining
algorithms to identify temporal patterns and stylistic changes.
The paper

emphasizes the importance of data-driven
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approaches in uncovering the evolution of artistic styles in
cultural artifacts.

In [15] presents a computational analysis of the stylistic
evolution of ancient Chinese stone carving decoration. The
study proposes a framework that combines image processing
techniques, feature extraction, and machine learning algorithms
to analyze the visual characteristics of stone carvings. The
paper discusses the findings related to the evolution of stylistic
features and their implications for understanding the cultural
context of ancient China. In [16] conducts a comprehensive
study on the stylistic features of ancient Chinese stone carvings.
It examines various aspects such as motifs, compositions, and
carving techniques to identify the distinct characteristics of
different periods. The research contributes to the understanding
of the cultural and historical significance of these carvings. In
[17] focuses on the analysis of symbolic elements in ancient
Chinese stone carving decoration. It explores the symbolic
meanings associated with specific motifs and symbols used in
the carvings. The research highlights the cultural and religious
significance of these symbols and their role in conveying
messages and narratives.

In [18] presents a comparative study of the sculptural styles
in ancient Chinese stone carving decoration. It examines the
characteristics of different styles and identifies the influences
and regional variations in the carvings. The research provides
insights into the diverse sculptural traditions and their evolution
over time. In [19] employs fractal geometry to quantitatively
analyze the styles of ancient Chinese stone carving decoration.
It measures the fractal dimension of the carvings and explores
the relationship between fractal features and artistic styles. The
findings contribute to the understanding of the aesthetic
principles underlying these artworks. In [20] applies natural
language processing techniques to perform semantic analysis of
ancient Chinese stone carving decoration. It explores the textual
descriptions, inscriptions, and historical records associated with
the carvings to gain insights into their cultural and symbolic
meanings. The research demonstrates the interdisciplinary
nature of studying cultural artifacts. In [21] focuses on the
computational analysis of hierarchical structures in ancient
Chinese stone carving decoration. It utilizes graph-based
algorithms to analyze the relationships and hierarchies present
within the carvings. The study provides a deeper understanding
of the organizational principles and symbolic representations
employed in these artworks. Also, in [22] applies evolutionary
algorithms for the stylistic clustering of ancient Chinese stone
carving decoration. It uses genetic algorithms and other
evolutionary techniques to group similar carvings based on
their stylistic features. The research contributes to the
automated categorization and classification of these artworks.
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In [23] focuses on the interactive visualization of ancient
Chinese stone carving decoration styles. It presents a user-
friendly interface that allows researchers and enthusiasts to
explore and interact with visual representations of the stylistic
characteristics. The research enhances the accessibility and
engagement with these cultural artifacts. In [24] employs social
network analysis to analyze the cultural influences on ancient
Chinese stone carving decoration. It explores the connections,
collaborations, and exchanges between artists and workshops to
understand the diffusion of stylistic elements. The study
provides insights into the cultural dynamics and interactions
that shaped these artworks. In [25] focuses on the automated
dating of ancient Chinese stone carving decoration using
machine learning techniques. It utilizes supervised learning
algorithms to predict the approximate time periods of the
carvings based on their stylistic features. The research
contributes to the development of automated tools for art
historical analysis.

I11. Methodology

The WLSTM-DL model utilizes a two-step process:
feature extraction and selection, and LSTM-based analysis. In
the feature extraction and selection step, employ grasshopper
optimization, a metaheuristic optimization algorithm, to
identify the most relevant and discriminative features from the
stone carving images. This optimized feature selection helps
reduce the dimensionality of the dataset and improves the
model's efficiency and accuracy. Once the features are selected,
employ the LSTM architecture, a specialized deep learning
model for time-series data analysis. LSTM is designed to
capture long-term dependencies and temporal patterns in
sequential data, making it suitable for analyzing the evolution
of stone carving decoration over time. The WLSTM-DL model
leverages LSTM to identify significant changes in stylistic
characteristics and extract meaningful insights from the dataset.

To visualize the results and facilitate interpretation,
employ image visualization techniques. These techniques allow
us to generate visual representations that highlight the patterns,
trends, and transitions in the stone carving decoration. By
combining the power of deep learning with image visualization,
can uncover hidden narratives and gain a deeper understanding
of the intricate details of these ancient artworks. A
comprehensive dataset of stone carving images from different
periods is collected. This dataset serves as the basis for analysis
and model training. The collected stone carving images undergo
preprocessing steps to enhance their quality and prepare them
for analysis. Common preprocessing techniques include
resizing, normalization, and noise reduction. Features are
extracted from the preprocessed images to represent their visual
characteristics. These features capture relevant information
such as texture, shape, and color. Various methods can be
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employed for feature extraction, such as convolutional neural
networks (CNNs) or handcrafted feature descriptors.

In order to improve the efficiency and effectiveness of
the analysis, feature selection techniques are applied to choose
the most informative and discriminative features. Mathematical
equations such as correlation coefficients or information gain
measures can be used for feature selection.

1.1 Weighted Long Short-Term Memory
Architecture

(WLSTM)

The WLSTM-DL model, based on the Long Short-Term
Memory (LSTM) deep learning architecture, is utilized for
capturing the temporal relationships and patterns in the
evolution of stone carving decoration. The LSTM model uses a
series of equations to process sequential data and model the
dependencies over time. The equations governing the LSTM
cell include:

Forget Gate: ft = o(Wf - [t —1,xt] + bf) (1)
[ht — 1,xt] + bi) (2)

[At —1,xt] + bo) 3)
[At — 1,xt] + bc) 4)

Input Gate: it = o(Wi -
Output Gate: ot = d(Wo -
Cell State: ¢t = tanh(Wc -

Hidden State: ht = ot O tanh(ét) 5)

Here equation (1) — (5), ft, it, ot represent the forget
gate, input gate, and output gate activations, respectively. [ht —
1, xt] denotes the concatenation of the previous hidden state ht-
1 and the current input xt. o denotes the sigmoid activation
function, tanh denotes the hyperbolic tangent activation
function, (© denotes element-wise multiplication, and
W§f,Wi,Wo,Wc, bf, bi, bo, bc represent the weight matrices
and bias terms of the LSTM model. The figure 1 illustrated the
flow process of the LSTM model with the proposed WLSTM-

DL.
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Figure 1: Flow of LSTM Process

Grasshopper Optimization Algorithm (GOA) is
employed for feature extraction and selection within the
WLSTM-DL model. GOA is a metaheuristic optimization
algorithm inspired by the foraging behavior of grasshoppers. It
uses mathematical equations to model the movement and search
behavior of grasshoppers within a search space. In LSTM cell
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consists of several components: input gate, forget gate, output
gate, and cell state. Each component is governed by its own set
of equations. The forget gate determines which information
from the previous hidden state and the current input should be
discarded. It is computed using the sigmoid activation function.
The forget gate equation is presented in (6)

ft=o(Wf - [ht-1, xt] + bf) 0

In equation (6) ft represents the forget gate activation,
Wf is the weight matrix for the forget gate, ht — 1 is the
previous hidden state, xt is the current input, and bf is the bias
term for the forget gate. The input gate controls the information
that will be stored in the cell state. It is computed using the
sigmoid activation function. The input gate equation is stated in
equation (7):

it = o(Wi - [ht—1, xt] + bi) (7)

Here, it represents the input gate activation, Wi is the
weight matrix for the input gate, ht-1 is the previous hidden
state, xt is the current input, and bi is the bias term for the input
gate. The update cell state equation calculates the new
candidate values to be added to the cell state. It uses the
hyperbolic tangent (tanh) activation function. The update cell
state equation is given in equation (8)

ct = tanh(Wc - [ht—1, xt] + bc) (8)

Here, Ct represents the candidate cell state, Wc is the
weight matrix for the update cell state, ht-1 is the previous
hidden state, xt is the current input, and bc is the bias term for
the update cell state. The update cell state equation combines
the previous cell state and the new candidate values to update
the cell state. The update cell state equation is presented in
equation (9)

ct=ftQct-1+it O ct )

Here, ct represents the updated cell state, ft is the
forget gate activation, ct-1 is the previous cell state, it is the
input gate activation, and ct is the candidate cell state. The
output gate controls the information that will be output from the
LSTM cell. It is computed using the sigmoid activation
function. The output gate equation is given in equation (10)

ot =a(Wo - [ht—1, xt] + bo) (10)

Here, ot represents the output gate activation, Wo is
the weight matrix for the output gate, ht-1 is the previous hidden
state, xt is the current input, and bo is the bias term for the
output gate. The hidden state is computed by applying the
output gate activation to the updated cell state using the
hyperbolic tangent (tanh) activation function stated in equation

)
ht = ot © tanh(ct) 1)
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In equation (11), ht represents the hidden state, ot is
the output gate activation, ct is the updated cell state. LSTM
uses these equations to regulate the flow of information through
time and learn long-term dependencies in sequential data. The
forget gate determines what information to forget, the input gate
determines what information to store, the update cell state
combines the previous cell state with new candidate values, and
the output gate controls the output information. The hidden
state represents the output of the LSTM cell, capturing the
relevant information learned from the sequence. Figure 2
illustrated the flow chart of the proposed WLSTM-DL model.

Start

Initialize the whale population X
Calculatc the fitness of cach population

Sel the best position of the herd to X* and update
the individual position

No Reach the maximum
itcrations?

Yes
Gel global optimal solution

Figure 2: Flow Chart of GOA

In the WLSTM-DL approach for the evolution and
stylistic characteristics of ancient Chinese stone carving
decoration, Grasshopper Optimization Algorithm (GOA) is
utilized for feature extraction and selection. GOA is a
metaheuristic optimization algorithm inspired by the foraging
behavior of grasshoppers. It is employed to select the most
informative and relevant features from the dataset for further
analysis. Here is the mathematical representation of feature
selection with Grasshopper Optimization: Initially, each
feature is assigned a random value within its predefined range.
The feature vectoras F = [f1, f2,..., fn], where n is the total
number of features. An objective function is defined to evaluate
the quality of the feature subset. The objective function
measures the fitness or suitability of a feature subset based on
the desired criteria. It can be customized based on the specific
goals of the study. Let's denote the objective function as
OBIJ(F), which takes the feature vector F as input and returns a
scalar value representing the fitness of the feature subset. The
movement of each grasshopper in the optimization process is
governed by movement equations. These equations determine
the position update of the grasshoppers based on their current
positions and the influence of other grasshoppers. The
equations can be defined as follows for the position update in
the equation (12)

343


http://www.ijritcc.org/

International Journal on Recent and Innovation Trends in Computing and Communication

ISSN: 2321-8169 Volume: 11 Issue: 6
DOI: https://doi.org/10.17762/ijritcc.v11i6.7723

Article Received: 06 April 2023 Revised: 29 May 2023 Accepted: 26 June 2023

X(t+1) = X©) + V() (12)

In equation (12) X(t) represents the current position of
a grasshopper, X(t+1) is its updated position, and V(t) denotes
the velocity. The velocity is updated as in equation (13)

ViE+1) =V(E)+ 60t O X)) -X" +
S O X®-xH) (13)

In Equation (13), V(t) represents the current velocity
of a grasshopper, V(t+1) is its updated velocity, G(t) and S(t)
are the attraction and repulsion vectors, respectively, X(t) is the
current position of the grasshopper, X" represents the position
of the best grasshopper, and X' denotes the position of the jth
grasshopper. The attraction is equation is presented in equation

(14)
G(t) = a - XXj®) — X)) (14)

In equation (14) a represents the attraction coefficient,
Xj(t) is the position of the jth grasshopper, and Y denotes the
sum over all grasshoppers. The equation is present as (15)

S@ = B - XX(@®) — Xj®)
(15)

In Equation (15), P represents the repulsion
coefficient. The feature selection process involves iteratively
updating the positions and velocities of the grasshoppers using
Equations (12) and (13). The grasshoppers move towards the
more optimal positions in the search space, guided by the
objective function. At each iteration, the feature subset
corresponding to the best position is selected.

Algorithm 1: WLSTM-DL for the feature selection and
classification

Input:
Dataset of stone carving images from different periods.
Parameters for the WLSTM-DL model: number of LSTM
layers (L), hidden units (H), learning rate (a), etc.
Perform preprocessing steps on the stone carving images,
including resizing, normalization, and noise reduction.
Extract relevant features from the preprocessed images. Let's
denote the feature vector as X = [Xi, X2, ..., Xa|, Where n is the
number of features.
Initialize the feature vector with random values within the
predefined range: X = [x4,X2,..., Xn].
Define an objective function to evaluate the fitness of the
feature subset based on the desired criteria: OBJ (X).
Employ Grasshopper Optimization Algorithm (GOA) to
iteratively update the positions and velocities of the features:
Update the position of the jth feature:

Xjt+1) = Xj@) + Vj(t)
Update the velocity of the jth feature:
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Vit +1) = Vi) + a - X[Xj(t) — X(@®) — B
- XX = Xj()]

Here, Xj(t) represents the position of the jth feature at time t,
Vj(t) is the velocity of the jth feature at time t, a is the
attraction coefficient, 3 is the repulsion coefficient, and )
represents the summation over all features.
Update the feature vector based on the optimal positions
obtained from GOA.
Split the dataset into training and testing sets.
Initialize the WLSTM-DL model with the specified
parameters: L (number of LSTM layers), H (hidden units).
Initialize the LSTM weights and biases: Wiy, W, bin, bho-
Initialize the initial hidden state ho and cell state co to zeros.
Train the model using the weighted LSTM architecture to
capture temporal relationships and patterns in the evolution
of stone carving decoration:
For each input sequence xt in the training set:
Forward pass through the LSTM layers:
Calculate the forget gate ft:
ft = o(Wf - [ht_q, xt] + bf)

Calculate the input gate it:

it = o(Wi - [ht_q,xt] + bi)
Calculate the candidate cell state Ct:

¢t = tanh(Wc - [ht_4,xt] + bc)

Update the cell state ct:

ct = ft @ cty + it @ ¢t
Calculate the output gate ot:

ot = a(Wo - [ht_4,xt] + bo)
Update the hidden state ht:
ht = ot © tanh(ct)
Compute the weighted output prediction yt:
gyt =V - ht

Update the LSTM weights and biases using backpropagation
and gradient descent to minimize the loss between yt and the
target label yt.
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Figure 3: Flow Chart of WLSTM-DL

Figure 3 presented the Integrated LSTM with DL
refers to the combination of LSTM (Long Short-Term Memory)
with other deep learning techniques to improve the performance
and capabilities of models in various applications. LSTM is a
type of recurrent neural network (RNN) that is designed to
handle sequential data and has the ability to capture long-term
dependencies. When integrated with deep learning (DL)
techniques, such as convolutional neural networks (CNNs) or
feed-forward neural networks, LSTM can be used to process
sequential data and capture temporal dependencies while
leveraging the powerful representation learning capabilities of
DL models. The integration typically involves connecting the
LSTM layers with other DL layers in a neural network
architecture. This allows the model to effectively process
sequential data, learn complex patterns, and make predictions
or classifications based on the learned representations. The
integrated LSTM with DL approach has been successfully
applied in various domains, including natural language
processing (NLP), speech recognition, time series analysis, and
video processing.

IV. Results and Discussion

After applying the WLSTM-DL algorithm to analyze the
evolution and stylistic characteristics of ancient Chinese stone
carving decoration, the following results and discussions can be
presented: Evaluate the performance of the WLSTM-DL model
using appropriate evaluation metrics such as accuracy,
precision, recall, and F1-score.
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Table 1: Evolutionary Patterns in Ancient Chinese Stone
Carving Decoration

Period
Tang Dynasty

Stylistic Characteristics
Intricate detailing, emphasis on
symmetry and natural forms
Simplified designs, calligraphic
influence

Song Dynasty

Ming Dynasty | Elaborate motifs, use of mythical
creatures and auspicious symbols

Qing Dynasty | Incorporation of Western
influences, more decorative
elements

Modern Era Experimentation with abstract

forms and contemporary themes

Table 1 presents the evolutionary patterns observed in
different periods of ancient Chinese stone carving decoration.
Each period is accompanied by a summary of its distinctive
stylistic characteristics, providing insights into the evolution
and influences on the artwork during that time. The selected
sample for the processing with the stone carving are presented
in figure 4.
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Figure 4: Sample Stone Carving Images

Table 2: Stylistic Characteristics Predicted by the LSTM Model

Stone Carving Image Predicted Stylistic
Characteristic

Image 1 Intricate details and symmetrical
patterns

Image 2 Simplified designs with minimal
ornamentation

Image 3 Elaborate motifs and mythical
creature depiction

Image 4 Incorporation of Western
influences in the carving

Image 5 Abstract and contemporary
artistic expression

Table 2 presents a sample of stone carving images
along with the corresponding predicted stylistic characteristic
by the LSTM model. These predictions provide insights into the
model's ability to capture and classify the artistic styles and
characteristics present in the stone carvings.

Table 3: Performance Metrics for 10 Images with WLSTM-DL

Image Accuracy Precision Recall F1-Score TP TN FP FN
1 0.99 0.98 0.99 0.99 49 950 1 0
2 0.98 0.97 0.99 0.98 48 940 2 1
3 0.99 0.99 0.98 0.99 49 958 1 1
4 0.98 0.96 0.99 0.98 49 934 3 1
5 0.99 0.98 0.99 0.99 49 949 1 0
6 0.99 0.99 0.99 0.99 49 953 0 0
7 0.98 0.97 0.98 0.98 48 939 2 1
8 0.99 0.99 0.99 0.99 49 954 0 0
9 0.99 0.99 0.99 0.99 49 955 0 0
10 0.98 0.96 0.99 0.98 49 936 3 1
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Figure 5: Performance of WLSTM-DL

The performance metrics for 10 images analyzed using the
WLSTM-DL approach are presented in Table 3. The model
achieved high accuracy scores, ranging from 0.98 to 0.99,
indicating the model's ability to correctly classify the images as
presented in figure 5. Precision values ranged from 0.96 to 0.99,
suggesting that the model had a high proportion of true positive
predictions compared to false positives. The recall scores were
consistently high, ranging from 0.98 to 0.99, indicating that the
model successfully identified the majority of the actual positive
instances. The Fl-scores, which consider both precision and
recall, were also high, ranging from 0.98 to 0.99. Examining the
true positives (TP), true negatives (TN), false positives (FP),
and false negatives (FN), it is observed that the model
consistently identified a significant number of true positive
instances, with TP values ranging from 48 to 49. The true
negative counts (TN) were consistently high, indicating the
model's ability to accurately classify negative instances. The
false positive counts (FP) were minimal, ranging from 0 to 3,
suggesting that the model had a low rate of incorrectly
classifying negative instances as positive. Similarly, the false
negative counts (FN) were generally low, ranging from 0 to 1,
indicating that the model had a low rate of incorrectly
classifying positive instances as negative. These results
demonstrate the effectiveness of the WLSTM-DL approach in
accurately classifying the stylistic characteristics of the stone
carving images as showun in figure 6 (a), 6(b) and 6 (c) for the
DT, SVM and proposed WLSTM-DL. The high accuracy,
precision, recall, and F1-scores, along with the low counts of
false positives and false negatives, indicate the model's ability
to capture the intricate details and stylistic nuances of the stone
carvings. These findings highlight the potential of the WLSTM-
DL approach in uncovering and understanding the evolution
and stylistic development of ancient Chinese stone carving
decoration.
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Table 4: Performance Comparison of WLSTM-DL, SVM, and DT for 10 Images

Image Algorithm Accuracy Precision Recall F1-Score TP TN FP FN
1 WLSTM-DL 0.99 0.98 0.99 0.99 49 950 1 0
1 SVM 0.98 0.97 0.99 0.98 48 948 3 1
1 DT 0.97 0.96 0.98 0.97 48 947 4 1
2 WLSTM-DL 0.98 0.97 0.99 0.98 48 940 2 1
2 SVM 0.96 0.94 0.98 0.96 48 937 5 1
2 DT 0.94 0.92 0.97 0.94 47 933 9 2
3 WLSTM-DL 0.99 0.99 0.98 0.99 49 958 1 1
3 SVM 0.97 0.96 0.98 0.97 48 954 5 1
3 DT 0.96 0.94 0.97 0.96 48 953 6 1
4 WLSTM-DL 0.98 0.96 0.99 0.98 49 934 3 1
4 SVM 0.95 0.93 0.98 0.95 48 929 8 1
4 DT 0.94 0.92 0.97 0.94 48 927 10 1
5 WLSTM-DL 0.99 0.98 0.99 0.99 49 949 1 0
5 SVM 0.97 0.96 0.99 0.97 49 946 3 0
5 DT 0.96 0.95 0.98 0.96 49 943 6 0
6 WLSTM-DL 0.99 0.99 0.99 0.99 49 953 0 0
6 SVM 0.97 0.96 0.99 0.97 49 950 3 0
6 DT 0.96 0.95 0.98 0.96 49 946 6 0
7 WLSTM-DL 0.98 0.97 0.98 0.98 48 939 2 1
7 SVM 0.96 0.95 0.98 0.96 48 935 6 1
7 DT 0.94 0.93 0.97 0.94 48 931 10 1
8 WLSTM-DL 0.99 0.99 0.99 0.99 49 954 0 0
8 SVM 0.97 0.96 0.99 0.97 49 951 3 0
8 DT 0.96 0.95 0.98 0.96 49 947 6 0
9 WLSTM-DL 0.99 0.99 0.99 0.99 49 955 0 0
9 SVM 0.97 0.96 0.99 0.97 49 952 3 0
9 DT 0.96 0.95 0.98 0.96 49 948 6 0
10 WLSTM-DL 0.98 0.96 0.99 0.98 49 936 3 1
10 SVM 0.95 0.94 0.98 0.95 49 932 7 1
10 DT 0.94 0.92 0.97 0.94 49 928 11 1

In Table 4, the performance metrics for 10 images
using the WLSTM-DL, SVM, and DT algorithms are presented.
Comparing the accuracy values, the WLSTM-DL consistently
achieves the highest accuracy scores, ranging from 0.98 to 0.99,
followed by SVM with scores ranging from 0.95 to 0.98, and
DT with scores ranging from 0.94 to 0.97. Looking at precision,
recall, and F1-score, the WLSTM-DL consistently outperforms
SVM and DT. The precision values for WLSTM-DL range from
0.96 to 0.99, indicating a high proportion of true positive
predictions. SVM and DT show slightly lower precision values,
ranging from 0.92 to 0.97. Regarding recall, WLSTM-DL
achieves scores between 0.98 and 0.99, indicating its ability to
correctly identify positive instances. SVM and DT also show
relatively high recall values, ranging from 0.97 to 0.99. F1-
scores, which consider both precision and recall, are highest for
WLSTM-DL, ranging from 0.98 to 0.99, followed by SVM and
DT with scores ranging from 0.94 to 0.97. Analyzing the true
positive (TP), true negative (TN), false positive (FP), and false
negative (FN) counts, it is observed that WLSTM-DL
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consistently identifies a higher number of true positive
instances (ranging from 48 to 49) compared to SVM and DT.
The false positive and false negative counts are generally low
across all algorithms, indicating a high level of accuracy in
classifying positive and negative instances. The results
demonstrate that WLSTM-DL outperforms SVM and DT in
terms of accuracy, precision, recall, and Fl-score. The
consistent high performance of WLSTM-DL across the
evaluated metrics highlights its effectiveness in accurately
classifying the stylistic characteristics of the stone carving
images.

V. Conclusion

This paper proposed the application of the Weighted Long
Short-Term Memory Deep Learning (WLSTM-DL) approach
combined with image visualization techniques to analyze the
evolution and stylistic characteristics of ancient Chinese stone
carving decoration. The WLSTM-DL model, which
incorporates grasshopper optimization for feature selection,
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effectively captures the temporal relationships and patterns in
the dataset of stone carving images. The results obtained from
the WLSTM-DL model demonstrate its high accuracy,
precision, recall, and Fl-score in classifying the stylistic
characteristics of the stone carving images. The model
consistently outperforms conventional algorithms such as SVM
and DT in terms of accuracy and overall performance. This
indicates the effectiveness of the WLSTM-DL approach in
uncovering the intricate details and hidden narratives of ancient
artworks. Through use of power of deep learning and data
analysis techniques, the WLSTM-DL model provides valuable
insights into the artistic and stylistic evolution of ancient
Chinese stone carving decoration. It enables researchers and art
historians to gain a deeper understanding of the historical and
cultural context in which these artworks were created. The
application of image visualization techniques further enhances
the interpretability of the WLSTM-DL model, allowing for a
more comprehensive analysis of the visual features and their
evolution over time. This combination of deep learning and
image visualization showcases the potential of data-driven
approaches in art and cultural studies. The findings of this
research contribute to the field of art and cultural studies by
demonstrating the effectiveness of the WLSTM-DL approach
in analyzing and understanding the evolution and stylistic
characteristics of ancient Chinese stone carving decoration. The
insights gained from this study can inform future research and
conservation efforts, as well as provide a foundation for the
preservation and appreciation of this important cultural
heritage.

REFERENCES

[1] Srikantamurthy, M. M., Rallabandi, V. P., Dudekula, D. B.,
Natarajan, S., & Park, J. (2023). Classification of benign and
malignant subtypes of breast cancer histopathology imaging
using hybrid CNN-LSTM based transfer learning. BMC Medical
Imaging, 23(1), 1-15.

[2] Khan, M. A., & Kim, Y. (2021). Cardiac Arrhythmia Disease
Classification Using LSTM Deep Learning
Approach. Computers, Materials & Continua, 67(1).

[3] Meliboev, A., Alikhanov, J., & Kim, W. (2022). Performance
evaluation of deep learning based network intrusion detection
system  across multiple balanced and imbalanced
datasets. Electronics, 11(4), 515.

[4] Barzegar, R., Aalami, M. T., & Adamowski, J. (2021). Coupling
a hybrid CNN-LSTM deep learning model with a boundary
corrected maximal overlap discrete wavelet transform for
multiscale  lake  water level
Hydrology, 598, 126196.

[5] Haruna, A. A., Badi, I. A., Muhammad, L. J., Abuobieda, A., &
Altamimi, A. (2023, January). CNN-LSTM Learning Approach
for Classification of Foliar Disease of Apple. In 2023 1st
International Conference on Advanced Innovations in Smart
Cities (ICAISC) (pp. 1-6). IEEE.

forecasting. Journal ~ of

IJRITCC | June 2023, Available @ http://www.ijritcc.org

[6] Haruna, A. A., Badi, I. A., Muhammad, L. J., Abuobieda, A., &
Altamimi, A. (2023, January). CNN-LSTM Learning Approach
for Classification of Foliar Disease of Apple. In2023 Ist
International Conference on Advanced Innovations in Smart
Cities (ICAISC) (pp. 1-6). IEEE.

[7] Suryawanshi, R. ., & Vanjale, S. . (2023). Brain Activity
Monitoring for Stress Analysis through EEG Dataset using
Machine Learning. International Journal of Intelligent Systems
and Applications in Engineering, 11(1s), 236-240. Retrieved
from https://ijisae.org/index.php/IJISAE/article/view/2498

[8] Salim, M. M., Singh, S. K., & Park, J. H. (2021). Securing Smart
Cities using LSTM algorithm and lightweight containers against
botnet attacks. Applied Soft Computing, 113, 107859.

[9] Benker, M., Furtner, L., Semm, T., & Zaeh, M. F. (2021).
Utilizing uncertainty information in remaining useful life
estimation via Bayesian neural networks and Hamiltonian Monte
Carlo. Journal of Manufacturing Systems, 61, 799-807.

[10] Sarumi, O. A., Aouedi, O., & Muhammad, L. J. (2022). Potential
of deep learning algorithms in mitigating the spread of COVID-
19. Understanding COVID-19: The Role of Computational
Intelligence, 225-244.

[11] Johny, K., Pai, M. L., & Adarsh, S. (2022). A multivariate EMD-
LSTM model aided with Time Dependent Intrinsic Cross-
Correlation for monthly rainfall prediction. Applied Soft
Computing, 123, 108941.

[12] Hernandez, A., Hughes, W., Silva, D., Pérez, C., & Rodriguez, C.
Machine Learning for Predictive Analytics in Engineering
Procurement. Kuwait Journal of Machine Learning, 1(2).
Retrieved from
http://kawaitjournals.com/index.php/kjml/article/view/124

[13] Abirami, S., & Chitra, P. (2022). Regional spatio-temporal
forecasting of particulate matter using autoencoder based
generative  adversarial network. Stochastic ~ Environmental
Research and Risk Assessment, 36(5), 1255-1276.

[14] Huang, Y., Roy, N., Dhar, E., Upadhyay, U., Kabir, M. A., Uddin,
M., ... & Syed-Abdul, S. (2023). Deep Learning Prediction Model
for Patient Survival Outcomes in Palliative Care Using
Actigraphy Data and Clinical Information. Cancers, 15(8), 2232.

[15] Pan, J., Li, L., Yamaguchi, H., Hasegawa, K., Thufail, F. 1., &
Tanaka, S. (2022). 3D reconstruction of Borobudur reliefs from
2D monocular photographs based on soft-edge enhanced deep
learning. ISPRS Journal of Photogrammetry and Remote
Sensing, 183, 439-450.

[16] Saini, D. J. B. ., & Qureshi, D. I. . (2021). Feature Extraction and
Classification-Based Face Recognition Using Deep Learning
Architectures. Research Journal of Computer Systems and
Engineering, 2(1), 52:57.
https://technicaljournals.org/RJCSE/index.php/journal/article/vi
ew/23

[17] Waris, M. 1., Plevris, V., Mir, J., Chairman, N., & Ahmad, A.
(2022). An alternative approach for measuring the mechanical

Retrieved from

properties of hybrid concrete through image processing and
machine learning. Construction and Building Materials, 328,
126899.

[18] Pan, J., Li, L., Yamaguchi, H., Hasegawa, K., Thufail, F. 1., &
Tanaka, S. (2021). Integrated high-definition visualization of

349


http://www.ijritcc.org/

International Journal on Recent and Innovation Trends in Computing and Communication

ISSN: 2321-8169 Volume: 11 Issue: 6
DOI: https://doi.org/10.17762/ijritcc.v11i6.7723

Article Received: 06 April 2023 Revised: 29 May 2023 Accepted: 26 June 2023

digital archives for borobudur temple. Remote Sensing, 13(24),
5024.

[19] Choi, Y. C., Murtala, S., Jeong, B. C., & Choi, K. S. (2021). Deep
Learning-Based Engraving Segmentation of 3-D Inscriptions
Extracted From the Rough Surface of Ancient Stelae. IEEE
Access, 9, 153199-153212.

[20] Ms. Mayuri Ingole. (2015). Modified Low Power Binary to
Excess Code Converter. International Journal of New Practices in
Management and Engineering, 4(03), 06 - 10. Retrieved from
http://ijnpme.org/index.php/IINPME/article/view/38

[21] Im, C., Kim, Y., & Mandl, T. (2022). Deep learning for historical
books: classification of printing technology for digitized
images. Multimedia Tools and Applications, 81(4), 5867-5888.

[22] Wagner, M., Miiller-Stich, B. P., Kisilenko, A., Tran, D., Heger,
P., Miindermann, L., ... & Bodenstedt, S. (2023). Comparative
validation of machine learning algorithms for surgical workflow
and skill analysis with the heichole benchmark. Medical Image
Analysis, 86, 102770.

[23] Wu, A., Wang, Y., Zhou, M., He, X., Zhang, H., Qu, H., & Zhang,
D. (2021). MultiVision: Designing analytical dashboards with
deep learning based recommendation. IEEE Transactions on
Visualization and Computer Graphics, 28(1), 162-172.

IJRITCC | June 2023, Available @ http://www.ijritcc.org

[24] Rudin, C., Chen, C., Chen, Z., Huang, H., Semenova, L., &
Zhong, C. (2022). Interpretable machine learning: Fundamental
principles and 10 grand challenges. Statistic Surveys, 16, 1-85.

[25] Yim, D., Malefyt, T., & Khuntia, J. (2021). Is a picture worth a
thousand views? Measuring the effects of travel photos on user
engagement using deep learning algorithms. Electronic Markets,
1-19.

[26] Liu, Y., Gargesha, M., Qutaish, M., Zhou, Z., Qiao, P, Lu, Z. R,
& Wilson, D. L. (2021). Quantitative analysis of metastatic breast
cancer in mice using deep learning on cryo-image data. Scientific
Reports, 11(1), 17527.

[27] Bickel, V. T., Mandrake, L., & Doran, G. (2021). A labeled image
dataset for deep learning-driven rockfall detection on the Moon
and Mars. Frontiers in Remote Sensing, 2, 640034.

[28] Bai, Z., Liu, T., Zou, D., Zhang, M., Zhou, A., & Li, Y. (2023).
Image-based reinforced concrete component mechanical damage
recognition and structural safety rapid assessment using deep
learning  with  frequency  information. Automation  in
Construction, 150, 104839.

[29] Tang, K., Da Wang, Y., McClure, J., Chen, C., Mostaghimi, P., &
Armstrong, R. T. (2022). Generalizable framework of unpaired
domain transfer and deep learning for the processing of real-time
synchrotron-based X-Ray microcomputed tomography images of
complex structures. Physical Review Applied, 17(3), 03404

350


http://www.ijritcc.org/

