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Abstract 
To achieve rural revitalization and enhance the development of rural tourism, this study 

employs a back propagation neural network (BPNN) to construct a rural revitalization 

development model. Additionally, the Grey Relation Analysis (GRA) algorithm is used to 

classify rural revitalization efforts across different cities. Consistency testing is applied to 

analyze rural revitalization indicators, and a tourism service evaluation model is estab-

lished to assess rural revitalization tourism services from the perspective of smart cities. 

The research results indicate that: (1) the training results and expected values of the ten 

cities are relatively consistent, and the classification of rural revitalization development 

is good; (2) The five major indicators of tourism information services, tourism security 

services, tourism transportation services, tourism environment services, and tourism 

management services all meet the consistency test, and the consistency test results are 

all less than 0.1, confirming the reliability and effectiveness of the research data; (3) The 

tourism information and management services are mainly evaluated at level C, accounting 

for 62% and 62.5% respectively. The tourism transportation and safety services are mainly 

evaluated at level D, and the model can indicate the level of rural revitalization tourism 

service; (4) Compared with other algorithms, the GRA-BPNN algorithm performs the best 

in rural revitalization evaluation, with an accuracy of 92.3%, precision of 91.8%, recall rate 

of 93.7%, and F1 score of 92.7%. This study optimizes the rural revitalization tourism ser-

vice platform, enhances the quality of rural tourism, promotes the development of the rural 

tourism industry, and contributes to the realization of rural revitalization.

1.  Introduction

1.1  Research background and motivations
With the rapid advancement of information technology, smart cities have become a core 
strategy for promoting sustainable urban development. Smart cities not only enhance a city’s 
overall competitiveness but also foster economic and social progress, paving the way for a 
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green, intelligent, and sustainable future [1,2]. However, the development of smart cities is not 
confined to urban areas; the construction of smart villages, as an extension of smart city initia-
tives, is gradually becoming a crucial component of rural revitalization strategies. By leverag-
ing digital and information technologies, smart villages can effectively improve the allocation 
of rural production resources, promote their rational use, and facilitate coordinated economic, 
social, and environmental development in rural areas [3]. One of the core objectives of the 
rural revitalization strategy is to narrow the urban-rural divide and promote comprehensive 
rural development [4]. Among these efforts, rural tourism, as a key area for driving economic 
growth and increasing farmers’ income, plays an indispensable role in advancing rural revital-
ization [5].

With the progress of China’s new urbanization initiatives, the focus has shifted from urban-
ization rates to the quality of urban-rural transformation. This shift makes the coordination 
between rural revitalization and new urbanization a critical means for achieving sustainable 
development across urban and rural areas [6]. In recent years, the application of information 
technology, big data, and intelligent solutions in rural revitalization has gained increasing 
importance, offering significant potential to support the social, economic, and environmental 
sustainability of rural areas [7]. Against this backdrop, Liu et al. (2021) examined the role of 
urban financial systems in improving credit frameworks for towns and proposed financial 
measures to stimulate agricultural innovation, improve the financial well-being of rural resi-
dents, and support the implementation of rural revitalization strategies [8]. Similarly, Zhang 
et al. (2022) developed a model for poverty alleviation risk monitoring and analysis using the 
back propagation neural network (BPNN) and the natural breakpoint method, providing 
effective decision-making support [9]. Furthermore, Guo et al. (2022) quantitatively analyzed 
the coupling mechanism between technological innovation and rural revitalization, offering 
scientific recommendations for advancing agriculture and rural development [10]. Zhao et al. 
(2020) demonstrated that big data technology played a critical role in optimizing e-commerce, 
smart agriculture, and rural governance platforms, thereby advancing rural revitalization [11]. 
Other studies have focused on key challenges in implementing rural revitalization strategies. 
Jun (2020) identified labor, land, and economic factors as crucial drivers of rural revitalization 
and argued that labor attraction and land reforms could significantly facilitate the strategy’s 
implementation [12]. Chen (2021) explored the application of big data and internet technol-
ogies in traditional rural industries, highlighting how the rise of the livestreaming economy 
provided fresh momentum for rural revitalization [13]. Additionally, Cen et al. (2022) utilized 
the entropy method to analyze the impact of the digital economy on rural revitalization, 
emphasizing the intermediary role of industrial upgrading driven by the digital economy 
[14]. Within the context of integrating smart cities and rural revitalization, the intelligent 
development of rural areas is seen as an important pathway for narrowing the urban-rural 
gap and fostering the development of smart villages. Building smart villages can enhance rural 
infrastructure and environmental development while promoting the rapid growth of smart 
tourism [15,16]. Zhu et al. (2022) demonstrated through intelligent design and field demon-
stration of smart village living circles that smart environments could effectively boost rural 
tourism development, thereby driving comprehensive rural economic revitalization [17]. Yu et 
al. (2020) examined the construction of smart tourism in characteristic towns, highlighting its 
advantages in promoting rural economic and environmental development. They also analyzed 
existing challenges, aiming to optimize smart tourism and advance rural revitalization efforts 
[18].

However, although these studies provide theoretical support and practical guidance for 
various aspects of rural revitalization, most of the research primarily focuses on macro-level 
issues such as policy frameworks, resource allocation, and industrial transformation. There 



PLOS ONE | https://doi.org/10.1371/journal.pone.0317702  March 18, 2025 3 / 23

PLOS ONE none

is a noticeable lack of in-depth investigation into specific areas, particularly the optimization 
of rural tourism services. Addressing this gap, the present study proposes an optimization 
method for a rural revitalization service platform based on the BPNN. The aim is to lever-
age intelligent methods to enhance the quality of rural tourism services and provide new 
decision-making support for rural revitalization. As one of the earliest neural networks to be 
extensively studied and applied, BPNN is characterized by its simplicity in structure, ease of 
understanding, and implementation, making it particularly suitable for solving small- and 
medium-scale problems [19]. In the field of rural revitalization, BPNN has demonstrated 
robust predictive capabilities. For instance, Du and Zhao (2023) compared BPNN with 
the Analytic Hierarchy Process (AHP) and proposed that BPNN’s self-learning and high-
performance attributes made it highly effective in predicting outcomes within the agricultural 
sector of rural revitalization [20]. Wu et al. (2020) highlighted BPNN’s efficiency and accu-
racy in evaluating land ecological security within rural revitalization efforts [21]. To further 
enhance the evaluation capabilities of rural tourism service platforms, this study incorporates 
the Grey Relation Analysis (GRA) algorithm. GRA is particularly effective in situations with 
incomplete or uncertain information, as it analyzes the relationships among system factors to 
reveal their intrinsic connections and developmental trends [22]. By integrating BPNN with 
GRA, the approach not only improves prediction accuracy but also enables a more compre-
hensive evaluation of the quality of tourism services in the context of rural revitalization.

1.2  Research objectives
To improve the level of rural tourism, promote its development, and achieve rural revitaliza-
tion, firstly, BPNN is utilized to construct a training model, and integrates GRA algorithm 
to classify the development of rural revitalization; Secondly, consistency testing is used to 
analyze the indicators of rural revitalization, comparing the confidence interval (CI), com-
posite reliability (CR), and eigenvalues; Finally, a tourism service evaluation model is imple-
mented using BPNN to evaluate and analyze the rural revitalization tourism situation from 
the perspective of smart cities. The comparison with the Generative Adversarial Network 
(GAN), Convolutional Neural Network (CNN), and Long Short-Term Memory (LSTM) and 
other algorithms in rural revitalization evaluation confirms the accuracy of GRA-BPNN. This 
study presents a method that integrates BPNN with GRA, offering significant innovation and 
improvements compared to previous research. Prior studies have primarily focused on lever-
aging BPNN for data prediction and analysis. While BPNN exhibits strong predictive capa-
bilities, it often faces limitations when dealing with complex, multidimensional relationships, 
especially under conditions of incomplete or uncertain information. In contrast, by incorpo-
rating GRA, this study effectively addresses BPNN’s shortcomings in handling uncertainty 
and complexity. GRA reveals the intrinsic relationships among factors and enables accurate 
evaluation of tourism service quality, even in the presence of incomplete information, thereby 
enhancing the model’s reliability and accuracy. Previous research has largely concentrated 
on the construction of smart villages, rural revitalization, and the application of big data 
technologies. Although these studies provide valuable theoretical support at a macro level, 
they often neglect the specific issue of optimizing service quality in rural tourism. This study 
focuses on this specific area by combining BPNN and GRA, not only providing a comprehen-
sive evaluation of rural tourism service quality but also enhancing decision-making support 
during the implementation of rural revitalization strategies. Notably, this research employs 
consistency tests to analyze rural revitalization indicators, comparing confidence intervals, 
composite reliability, and eigenvalues, thereby offering more precise data support for prac-
tical applications. The innovation of this study is further reflected in the optimization of its 
decision-support functionality. While previous research has mainly emphasized the overall 
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development of smart villages, with limited detailed analysis in the tourism service domain, 
this study enhances the precision of decision-support systems by integrating BPNN and GRA. 
This combination not only improves the predictive accuracy of rural tourism service quality 
but also provides precise data support for the concrete implementation of rural revitalization 
strategies, facilitating their execution. In summary, this study demonstrates clear innovation 
and advantages over prior research by improving the precision of service quality evaluations, 
addressing gaps in rural tourism research, and providing accurate decision-making support. 
These contributions significantly advance the practical application of rural revitalization 
strategies.

2.  Literature review
NN was widely applied in rural revitalization. Juan & Hsu (2022) used Artificial Neural Network 
(ANN) model to predict the development of rural revitalization, confirmed the relationship 
between the characteristics of different regions and the development of rural land transfer, and 
contributed to the promotion of rural revitalization [23]. Muhammad & Lee (2019) found that 
ANN could predict the land use situation and land cover change in northern Sumatra, Indo-
nesia, to promote rural land reform, development, and revitalization [24]. Based on the theory 
of rural typology, Zhou et al. (2021) regionalized China’s rural types with cluster analysis. They 
discovered that different paths of rural revitalization were different, indicating the complexity 
and difficulty of rural revitalization [25]. Lu & Bao (2022) established a dynamic evaluation 
model of rural logistics development by using Fuzzy Neural Network (FNN), Moran index, 
and kernel density estimation technology and explained the overall situation of rural logistics 
development through the model. It was significant in achieving rural revitalization [26]. Sun et 
al. (2023) believed that computer virtualization played an essential role in improving the rural 
environment, promoting all-round construction and development of rural areas, advancing the 
rural economy, and structural optimization of various industries, to realize rural revitalization 
[27]. Li et al. (2021) used NN technology to classify new and old rural buildings, thereby improv-
ing rural monitoring capabilities. It was of great significance for understanding the development 
of new rural areas and provided a new direction for realizing rural revitalization [28]. Zhang 
& Zhang (2020) studied the use of the ANN method to identify rural types, and trained the 
NN model with different sample data. The influence of the model on the results of rural type 
identification can be analyzed, which was significant for the scientific differentiation of villages 
and the reasonable realization of rural revitalization [29]. Hou et al. (2021) used deep learning 
(DL) and artificial intelligence technology to realize the informatization of rural banks, and the 
integration of NN models can realize the data prediction and processing of rural bank customer 
information. These improved the growth of rural economy, elevated rural informatization, 
promoted rural governance, and provided a new idea for realizing rural revitalization [30]. The 
development of rural tourism was one of the effective ways to achieve rural revitalization, and 
scientific evaluation of tourism land was the premise for optimizing the layout of rural tourism 
industry. Xian et al. (2021) employed NN to construct an evaluation model and analyzed the 
limiting factors of the competitive development of rural tourism land, which made a certain 
contribution to promoting rural revitalization [31]. Gao et al. (2023) adopted the NN model to 
analyze rural industry development’s influencing factors and expected income. They discovered 
that tourism, infrastructure and transportation planning accounted for a relatively high weight 
in rural industrial resource utilization, of which tourism accounted for the highest proportion 
and was the core of rural revitalization industry development [32].

Previous studies focused more on traditional rural revitalization concepts, without fully 
considering the impact of digitization and intelligence on rural revitalization service plat-
forms, especially in the comprehensive evaluation of rural revitalization development from the 
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viewpoint of smart cities. There was a lack of universal research on rural revitalization service 
platforms under different geographical, cultural, and economic conditions. This study intro-
duced the perspective of smart cities and considered the impact of digitization and intelligence 
on rural revitalization service platforms, making up for the shortcomings of previous research 
in this field. Through the comprehensive application of BPNN, GRA algorithm, consistency 
testing, and tourism service evaluation model, this study attempted to achieve a compre-
hensive evaluation of rural revitalization. This helped to have a more comprehensive under-
standing of the current situation and potential problems of rural revitalization. In addition, it 
provided a new theoretical framework and empirical basis for promoting the development of 
rural revitalization service platforms and made important contributions to achieving sustain-
able development of rural revitalization.

3.  Research methodology

3.1  Smart city theory
The smart city indicates the use of various IT or innovative concepts such as the internet, 
cloud computing, and big data in urban planning, design, construction, management, and 
operation, to enhance the efficiency of urban resource utilization, optimize urban manage-
ment and services, and improve citizens’ quality of life [33]. Smart city has two driving factors: 
one is the internet, cloud computing, and other IT; the other is the open urban innovation 
ecology gradually nurtured in the knowledge society environment [34]. There are many appli-
cation projects for smart cities, including eight aspects. The specific classification is presented 
in Fig 1.

3.2  Characteristics of rural revitalization
Rural revitalization requires prioritizing the development of agriculture and rural areas [35]. 
It is a major decision made at the 19th National Congress of the Communist Party of China 
and a major historical task for comprehensively building a modern socialist country [36]. The 

Fig 1.  Classification of smart city application projects.

https://doi.org/10.1371/journal.pone.0317702.g001

https://doi.org/10.1371/journal.pone.0317702.g001
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rural revitalization strategy has three core features urban-rural equality, element focus, and 
people-oriented [37]. The specific core features are shown in Fig 2.

3.3  Smart village theory
Smart village refers to the use of cloud computing, big data, Internet of Things, and other 
technologies to build a system application platform serving government management, agri-
cultural income increase, people’s livelihood happiness, etc., to integrate basic social infor-
mation, industrial development, environmental monitoring, and other elements. In this way, 
intelligent life value systems such as rural internal affairs management and promoting people’s 
livelihood services can be realized [38]. The construction of smart villages can improve the 
efficiency of rural economic development, accelerate the improvement of social governance, 
and promote the improvement of rural residents’ living standards [39]. The construction 
principles of the basic framework of smart village theory are depicted in Fig 3.

3.4  Application of NN
NN, which belongs to machine learning and DL, also known as ANN, has the ability to mimic 
the way biological neurons transmit signals to each other [40]. NNs can be classified into 
different types. The common ones are the CNN and Recurrent Neural Network (RNN) [41]. 
CNN is usually used for image recognition, computer vision processing, or pattern recogni-
tion. RNNs can adopt time series data to make predictions about future outcomes.

3.5  Construction of the BPNN model
This study selects the BPNN as the foundational model, favoring it over more complex 
modern machine learning techniques based on several considerations. Compared to other 
advanced algorithms, BPNN is a neural network model that is structurally simple, com-
putationally efficient, and easy to implement, making it particularly suitable for problems 
involving relatively small to medium-sized datasets. In practical applications such as rural 
revitalization, data often lack the scale and high dimensionality required by DL. Thus, using 
BPNN not only ensures efficient computation but also avoids the heavy dependence on 

Fig 2.  Three core features of the rural revitalization strategy.

https://doi.org/10.1371/journal.pone.0317702.g002

https://doi.org/10.1371/journal.pone.0317702.g002
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large datasets and substantial computational resources typically associated with DL models. 
Additionally, BPNN’s self-learning capability allows it to automatically optimize weights and 
adapt to different types of data and patterns, reducing the complexity of manual adjustments. 
This adaptability is especially critical in fields like rural revitalization, where data can exhibit 
significant variability. Furthermore, compared to more complex models such as deep CNN or 
LSTM, BPNN offers better interpretability. This is particularly important for policymakers, 
who require a clear understanding of the model’s predictions and underlying mechanisms 
to make informed decisions. Finally, while modern machine learning techniques may out-
perform in handling more complex applications, rural revitalization scenarios often involve 
smaller datasets. In such cases, BPNN achieves satisfactory predictive performance with less 
training data and lower computational costs. Therefore, considering its balanced advantages 
in accuracy, computational efficiency, and interpretability, BPNN emerges as a practical and 
reasonable choice for addressing rural revitalization challenges.

BPNN is a multilayer feedforward neural network (FNN) trained using the BP algorithm. It 
was proposed by Rumelhart and McClelland in 1986 [42]. BPNN has several layers of hid-
den units between the input and output layers, which have no direct contact with the outside 
world and can affect the relationship between the input and output layers [43]. The BPNN 
structure is demonstrated in Fig 4.

The calculation process of BPNN consists of a forward and a reverse calculation. In the 
forward propagation process, each layer of neurons only affects the state of the next layer of 
neurons. In the backpropagation process, error signals will be returned along the original 
connection path by adjusting the weights of each neuron [44].

To update weights and biases, the gradient descent method can be employed, optimizing 
network parameters by calculating the gradient of each neuron. The equation for calculating 
the gradient of a single neuron using the Sigmoid function reads:

	 Y w X1 1 1= ( )+( )α β 	 (1)

Fig 3.  The construction principles of the basic framework of smart village theory.

https://doi.org/10.1371/journal.pone.0317702.g003

https://doi.org/10.1371/journal.pone.0317702.g003


PLOS ONE | https://doi.org/10.1371/journal.pone.0317702  March 18, 2025 8 / 23

PLOS ONE none

Y1 and w1  represent the output and weight of the first hidden layer; X refers to the number of 
input nodes; β1  means the deviation; t stands for the actual value. The calculation of the loss 
function U is:

	 U Y t= −( )1
2 1

2 	 (2)

If the gradient of the fully connected layer has multiple neurons, the loss function is calculated 
as follows:

	 U Y t
j

k

k k= ∑ −( )1
2 1

2 	 (3)

When passing in the forward direction, the Bmn  is set to the weight between nodes m and 
n; Om  is the threshold value of node m; Vm  is the output node value. The calculation of the 
output value of each node Dn  is written as equation (4):

	 D B V On m
x

mn m m=∑ +=
−

0
1 	 (4)

During backpropagation, the activation function’s formula is derived based on the form of 
the activation function. For instance, the gradient calculation under the Sigmoid activation 
function in backpropagation for a BPNN is shown in Equation (5):

	 f x
e x( )=
+ −

1
1

	 (5)

xrepresents the input value, and f x( )  denotes the activation function’s output, mapping the 
input x to a range between (0, 1). The Sigmoid function compresses each input to a range of 0 
to 1, making it suitable for binary classification outputs or hidden layers. The derivative of the 
Sigmoid activation function is expressed as follows:

	 ′( )= ( )⋅ − ( )( )f x f x f x1 	 (6)

Fig 4.  BPNN structure.

https://doi.org/10.1371/journal.pone.0317702.g004

https://doi.org/10.1371/journal.pone.0317702.g004
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f x( ) represents the Sigmoid activation function’s output, while ′( )f x  is its derivative, 
indicating sensitivity to the input value x. The derivative of the Sigmoid function reflects the 
rate of change at a specific input. It reaches its maximum when the input value is near 0 and 
approaches 0 when the input value diverges towards positive or negative infinity. This charac-
teristic underpins the vanishing gradient problem in backpropagation.

During backpropagation, the gradient of each parameter is calculated to update network weights 
using gradient descent. The gradient for each weight is computed as shown in Equation (7):

	 ∂
∂
= ⋅

e
w

xδ 	 (7)

∂
∂
e
w

represents the gradient of the loss function e with respect to the weight w. This gradient 
is used to adjust network weights to minimize the loss. δ is the error term, indicating the 
magnitude of the output error, and x is the value input to the neuron. The error term δ is 
derived from the difference between the actual output y and the target output t, as calculated 
in Equation (8):

	 δ= −( )⋅ ( )′y t f x 	 (8)

′( )f x is the actual output of the neural network, and t is the target value.
The objective function used in this study is the mean square error (MSE) used to measure 

the difference between the model output and the actual target value. The equation for calculat-
ing the MSE is as follows:

	 MSE
m

Y Yi
m

i i= ∑ −






=

1
1

2·

	 (9)

mrepresents the sample size, Yi  refers to the actual target value, and Yi

·

 indicates the target 
value predicted by the model.

Initially, GRA is used to filter the rural revitalization indicators, calculate their relational 
degree, and optimize the structure of the input and hidden layers in the BPNN based on the 
desired output. This process allows for a more precise evaluation of key service factors in rural 
revitalization. This study employs the GRA algorithm to simplify rural revitalization indica-
tors, primarily because GRA effectively handles situations with small datasets or data lacking 
typical patterns. Its advantages include independence from specific statistical assumptions and 
its ability to remain effective even when information is incomplete or indicators deviate from 
standards. Specifically, GRA selects the optimal value as a benchmark and dynamically calculates 
the relational degree between each evaluation object and the optimal value, objectively reflect-
ing relationships within the data. Unlike dimensionality reduction techniques such as principal 
component analysis (PCA), GRA can handle nonlinear relationships and small datasets without 
requiring strict preprocessing or assumptions about the data. Through relational degree analysis, 
GRA identifies key indicators with a significant impact on the research objective while excluding 
low-relevance indicators, thereby enhancing the model’s specificity and effectiveness.

4.  Experimental design and performance evaluation

4.1  Datasets collection
The data selected in this study are from the National Bureau of Statistics (NBS), China 
National Environmental Monitoring Centre (CNEMC), and the statistical yearbook of each 
city, and the data range is from 2000 to 2021. NBS covers agriculture, production, economy, 
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education, and other aspects. It is a database with wide coverage and high data authority. 
CNEMC undertakes the task of national environmental monitoring and leads the develop-
ment of environmental monitoring technology. It provides monitoring information, reports, 
and technical support for national environmental management and decision-making, and 
gives technical guidance for national environmental monitoring work. The statistical year-
book of each city is a part of the NBS, which mainly contains the authoritative rural agricul-
tural data of each city.

The setting of specific indexes of rural revitalization is suggested in Fig 5.
Fig 5 illustrates the specific indicator settings for rural revitalization and rural tourism 

evaluation, which are crucially related to the inputs of this study’s model. In Fig 5(a), the rural 
revitalization indicators include the natural environment, social environment, transportation, 
cultural and scenic resources, and agricultural resources. These indicators comprehensively 
cover various aspects of rural development, reflecting the overall status of rural revitaliza-
tion. The natural environment and cultural and scenic resources provide the foundation for 
tourism development, while the social environment and transportation highlight the potential 
and accessibility of rural development. Agricultural resources represent the core of the rural 
economy. In Fig 5(b), the rural tourism evaluation indicators include tourism safety services, 

Fig 5.  Setting of specific indexes.

https://doi.org/10.1371/journal.pone.0317702.g005

https://doi.org/10.1371/journal.pone.0317702.g005
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tourism information services, tourism management services, tourism transportation services, 
and tourism environment services. These factors directly influence the quality of the tourism 
experience and the development of the tourism industry. Tourism safety and transportation 
services ensure visitors’ safety and convenience, information services enhance visitor satis-
faction, management services improve service quality, and environmental services maintain 
cleanliness in the tourism environment. These indicators, selected through the GRA algo-
rithm by excluding low-relevance indicators, are used as input variables for the BPNN model. 
High-relevance indicators ensure the validity and relevance of the input data, enabling the 
model to more accurately reflect the actual situation of rural revitalization and predict future 
trends. This setup not only improves the model’s precision but also provides scientific support 
for decision-makers, aiding in resource optimization, enhancing the quality of rural tourism 
services, and ultimately advancing rural revitalization.

As the raw data may contain missing values, duplicate records, or outliers, this study 
implements rigorous data cleaning procedures to filter and correct all data. Missing values 
are handled using the mean imputation method, while outliers are identified and corrected 
through comparisons with historical data or industry standards, ensuring data accuracy and 
reliability. To address inconsistencies in the dimensions of different indicators, the study uti-
lizes the premnmx function in MATLAB for normalization. This process scales all input data 
to the range [-1, 1], eliminating potential biases caused by differing units of measurement and 
ensuring that all variables exert equal influence in the model. During the preprocessing phase, 
feature selection is conducted by employing the GRA method to evaluate the correlation of 
each indicator. Indicators with a correlation below 0.5 are removed to reduce data complexity, 
minimize noise effects on the model, and improve data validity and accuracy. After normal-
ization and feature selection, the study further standardizes the data to ensure consistency in 
scale and distribution. Additionally, a thorough review of data completeness is conducted to 
ensure that no critical variables are omitted and that no logical errors exist. These data prepro-
cessing steps ensure high-quality input data, eliminating potential biases and enhancing the 
efficiency of model training and the accuracy of predictions, thereby laying a solid foundation 
for subsequent BPNN model training and analysis.

4.2  Experimental environment
The computer system used in this study runs a 64-bit Windows 10 operating system, with an 
Intel i7-8700K processor, 8GB of RAM, and a 256GB solid-state drive (SSD). Matrix Labo-
ratory (MATLAB) version 9.11 is employed for model training and simulation. MATLAB, 
widely used in data analysis, DL, and signal processing, is chosen as the primary tool for this 
research due to its efficient numerical computation capabilities. Given the limited hardware 
resources in the experimental environment, particularly constraints in memory and process-
ing power, challenges such as computation delays or memory shortages may arise when han-
dling computationally intensive tasks. To address these issues, this study employs techniques 
such as data preprocessing, normalization, and feature selection to reduce computational 
demands. Additionally, the model structure is appropriately simplified during its design phase 
to enhance operational efficiency within the hardware constraints.

During computations, the 8GB of memory and Intel i7-8700K processor configuration 
are sufficient for basic data analysis and model training tasks. However, for larger datasets or 
more complex model computations, further optimizations are necessary. These include reduc-
ing the training sample size, adjusting model parameters, or leveraging distributed computing 
to improve efficiency. The fast read and write speeds of the SSD also contribute to enhanced 
data loading and storage efficiency, ensuring the model can be trained and simulated effec-
tively. Overall, despite the limitations in computational resources, the study ensures successful 



PLOS ONE | https://doi.org/10.1371/journal.pone.0317702  March 18, 2025 12 / 23

PLOS ONE none

model training and simulation by optimizing resource allocation and algorithms, ultimately 
achieving the expected research outcomes.

4.3  Parameters setting
This study uses the GRA algorithm to simplify the indicators of rural revitalization from City 
1 to City 10. By excluding indicators with a correlation degree below 0.5, raw data of tourism 
information services, tourism safety services, tourism transportation services, tourism envi-
ronment services, and tourism management services with high correlation with other indica-
tors are selected as input values for the BPNN model.

The study utilizes a BPNN model with parameter optimizations to improve the accuracy 
and reliability of rural revitalization level predictions. The input layer is configured with 16 
neurons, representing 16 key indicators to encompass multiple aspects of rural revitalization, 
such as tourism information, transportation, safety, and environment. These indicators are 
selected using the GRA algorithm to filter highly relevant data, thereby reducing redundancy 
and improving model efficiency. The output layer consists of a single neuron to predict the 
overall level of rural revitalization. The hidden layer is set to include 10 neurons, a number 
determined through experimental validation to balance model complexity and predictive 
capacity while avoiding overfitting or underfitting. During training, the error threshold is 
set to less than 0.00094 to ensure high precision, with 1,830 iterations conducted to allow the 
model to learn thoroughly and approximate the optimal solution. Compared to other com-
monly used methods, the BPNN demonstrates significant advantages in capturing the non-
linear relationships among input data, enhancing computational efficiency, and speeding up 
the training process. Additionally, it provides clear and interpretable outputs. Consequently, 
the BPNN model in this study achieves high accuracy in predicting rural revitalization levels 
and provides robust support for policymaking and decision-making in rural revitalization, 
showcasing its innovation and effectiveness in this field of research.

The BPNN training model has a significant promoting effect on the development of rural 
tourism. By using multiple indicators related to rural revitalization as inputs, covering tourism 
information, safety, transportation, environment, and management services, BPNN can learn 
and analyze the complex relationships between these factors. By training historical data, the 
model can predict the future trend of rural revitalization, offer a scientific basis for  
decision-makers, and enable them to more accurately formulate and adjust rural tourism 
development strategies. In addition, the advantage of BPNN lies in its ability to discover 
nonlinear relationships and patterns in the data, thereby gaining a more comprehensive 
understanding of the impact of diverse indicators on rural tourism development. Through 
this approach, the BPNN training model provides refined and personalized guidance for rural 
tourism, helping to optimize resource allocation, improve service quality, and ultimately pro-
mote the sustainable and prosperous development of rural tourism.

4.4  Performance evaluation
This study compares the performance of the BPNN model with common baseline models, 
including Support Vector Machine (SVM), Decision Tree (DT), and Random Forest (RF). The 
evaluation metrics used are Mean Squared Error (MSE) and Mean Absolute Error (MAE). 
The specific results are presented in Fig 6.

In Fig 6, the BPNN model demonstrates superior performance compared to other baseline 
models in most cases, particularly excelling in error control. Specifically, the BPNN achieves 
consistently lower MSE and MAE values, indicating a smaller discrepancy between the 
expected values and training results. Notably, in cities 1, 2, 5, and 7, the expected values are 
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closely aligned with the training results, with MSE values in the 10−6 range and relatively small 
MAE values, showcasing the model’s efficiency. In contrast, the SVM model exhibits slightly 
lower predictive accuracy, especially in cities 6 and 10, where the MSE values reach 0.0148 
and 0.0072, respectively, and the MAE values are relatively large, at 0.1215 and 0.0846. These 
results indicate significant prediction errors for certain cities when using the SVM model. The 
DT and RF models show even less stability. For instance, the DT model reports high MSE 
values in several cities, particularly in cities 3 and 5, where the values are 0.0112 and 0.0161, 
respectively. These values are accompanied by correspondingly large MAE values, suggesting 
potential inaccuracies in handling certain datasets. While the RF model performs slightly 
better than DT, its prediction accuracy is still inferior to BPNN. Although RF achieves lower 
MSE and MAE values in some cities, such as cities 4 and 7, it exhibits higher error values in 
others, such as cities 2 and 6. In summary, the BPNN model achieves the best performance in 
this study, with higher predictive accuracy and lower error rates. Although SVM, DT, and RF 
can complete prediction tasks, their results show significant deviations in certain cases. Using 
MSE and MAE as evaluation metrics effectively highlights the differences in the practical 

Fig 6.  Results of performance comparison between BPNN model and common benchmark models.

https://doi.org/10.1371/journal.pone.0317702.g006

https://doi.org/10.1371/journal.pone.0317702.g006
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performance of various models, further validating the superiority of the BPNN model in 
addressing the research problem.

Additionally, the training results and expected values for cities 1, 4, 5, and 6 are approxi-
mately 0.7, indicating a “good” level of rural revitalization development. For cities 2, 3, 6, 9, 
and 10, these values exceed 0.8, signifying an “excellent” level of rural revitalization. Mean-
while, in city 7, both the training results and expected values hover around 0.6, indicating an 
“average” level of development. Overall, the training results align closely with the expected 
values across all ten cities, demonstrating the model’s capability to represent varying levels of 
rural revitalization development among different cities accurately.

The consistency test results of rural revitalization indexes are indicated in Fig 7.
Fig 7 shows that the CI, CR, and eigenvalue of tourism information (TI) and tourism 

safety (TS) services are 0.012, 0.023, and 3.024, and consistency test results are less than 0.1. 
The eigenvalue, CI, and CR of tourism transportation (TT), tourism environment (TE), and 
tourism management (TM) services are consistent, where CI and CR are about equal to 0, 
the eigenvalue is 2, and the consistency test result is smaller than 0.1. Overall, the five indexes 
of rural revitalization align with the consistency test, the data is reliable, and the subsequent 
evaluation results can be expressed according to the ranking weight vector.

The evaluation results of rural revitalization tourism services from the angle of a smart city 
are portrayed in Fig 8.

Fig 8 signifies that TI service has the lowest proportion of Grade A evaluations, and the 
largest proportion of Grade C, with 62%. Moreover, the proportion of its Grade B evaluations 
is slightly higher than that of Grade D. In TT services, the Grade B evaluations have the lowest 
proportion, and Grade D has the largest, which is 60%, and the proportion of Grade A is con-
sistent with that of Grade C. The proportion of evaluations at Grade A, B, C, and D of TE ser-
vices is consistent. TS service has the largest proportion of Grade A evaluations, 78%, Grade C 
evaluations account for 22%, and the proportion of Grade A and B evaluations is consistent. 
TM service has the largest proportion of Grade C evaluations, at 62.5%, and the proportion 
of A, B and D evaluations is the same. Overall, TI and TM services are majorly evaluated at 
Grade C. TT services and TS services are principally evaluated at Grade D. TE service does not 
have outstanding evaluation grades, and the situations at each grade are consistent.

Fig 7.  The consistency test results of rural revitalization indexes.

https://doi.org/10.1371/journal.pone.0317702.g007

https://doi.org/10.1371/journal.pone.0317702.g007
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Fig 9 presents the comparative results of GRA-BPNN with CNN [45], LSTM Network [46], 
GAN [47], GA-BPNN [48], and SOFM [49] in rural revitalization evaluation.

In Fig 9(a), the GRA-BPNN model outperforms all other models across all perfor-
mance metrics. Specifically, GRA-BPNN achieves an accuracy of 92.3%, precision of 
91.8%, recall of 93.7%, and an F1 score of 92.7%, significantly surpassing the other models 
in terms of accuracy, precision, recall, and F1 score. In comparison, the Fuzzy Logic Con-
troller - BPNN (FLC-BPNN) model, while slightly inferior to GRA-BPNN, still outper-
forms both BPNN and PCA-BPNN. FLC-BPNN achieves an accuracy of 91.1%, precision 
of 90.5%, recall of 92.3%, and an F1 score of 91.4%, demonstrating strong overall per-
formance, especially in balancing precision and recall. Although PCA-BPNN reduces 
data dimensionality through PCA, its performance is still below that of GRA-BPNN and 
FLC-BPNN, with an accuracy of 88.2%, precision of 78.4%, recall of 76.5%, and F1 score 
of 77.4%. The BPNN model performs the worst, with an accuracy of just 82%, precision of 
72.3%, recall of 75.2%, and F1 score of 73.7%, indicating its relatively poor performance 
in handling complex problems. Overall, the GRA-BPNN model has a clear advantage in 
processing complex data, providing the best prediction performance. The FLC-BPNN, 
by incorporating fuzzy logic control, enhances the model’s adaptability and robustness, 
offering more stable performance in certain applications, particularly in achieving a good 
balance between precision and recall. PCA-BPNN and BPNN, on the other hand, demon-
strate moderate and weak performance, respectively, making them suitable for relatively 
simple data processing tasks.

In Fig 9(b), the GRA-BPNN model outperforms CNN, LSTM, GA-BPNN, and SOFM 
models across all performance metrics. In terms of accuracy, GRA-BPNN reaches 92.3%, 
significantly higher than CNN’s 86.9%, LSTM’s 84.1%, GA-BPNN’s 89.2%, and SOFM’s 78.6%. 
GRA-BPNN also shows a clear advantage in precision, achieving 91.8%, compared to CNN’s 
76.2%, LSTM’s 72.9%, GA-BPNN’s 88.4%, and SOFM’s 77.5%. In terms of recall, GRA-
BPNN reaches 93.7%, also higher than CNN’s 77.3%, LSTM’s 73.4%, GA-BPNN’s 90.1%, and 
SOFM’s 79.2%. Considering both accuracy and recall in the F1 score, GRA-BPNN remains the 
leader with an F1 score of 92.7%, while CNN scores 76.8%, LSTM 73.2%, GA-BPNN 89.2%, 
and SOFM 78.3%. In summary, the optimized model in this study demonstrates significant 
improvements in performance, outperforming other algorithms.

Fig 8.  The evaluation results of rural revitalization tourism services.

https://doi.org/10.1371/journal.pone.0317702.g008

https://doi.org/10.1371/journal.pone.0317702.g008
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This study uses a t-test to evaluate whether the performance differences between GRA-
BPNN and the other models are statistically significant. The specific results are shown in Fig 
10.

In Fig 10, the GRA-BPNN model demonstrates significant improvements in performance 
metrics such as accuracy, precision, recall, and F1 score compared to other baseline models 
(e.g., BPNN, GAN, CNN, LSTM). GRA-BPNN significantly outperforms BPNN (p = 0.01), 
GAN (p = 0.01), CNN (p = 0.005), and LSTM (p = 0.002) in terms of accuracy, indicating better 
prediction accuracy. In terms of precision, GRA-BPNN shows a marked advantage over 
the other models, particularly compared to BPNN (p = 0.001), GAN (p = 0.002), and CNN 
(p = 0.003). This suggests that the GRA algorithm improves model precision by effectively 
reducing false positive predictions. For recall, GRA-BPNN similarly excels, with signifi-
cant improvements over BPNN (p = 0.001), GAN (p = 0.001), CNN (p = 0.002), and LSTM 
(p = 0.001), indicating that it is more sensitive in identifying all positive samples. Finally, in 
terms of the F1 score, GRA-BPNN shows its strong overall performance, with statistically 
significant differences compared to BPNN (p = 0.002), GAN (p = 0.003), CNN (p = 0.004), and 
LSTM (p = 0.002). This suggests that GRA-BPNN not only improves accuracy and preci-
sion but also maintains a high recall rate, giving it a clear advantage in overall performance. 
Compared to GA-BPNN (p = 0.035) and SOFM (p = 0.002), the differences are smaller. 
However, they are still statistically significant, further proving that the improvements made 
by GRA-BPNN are meaningful and not due to randomness. Therefore, GRA-BPNN exhibits 
significant advantages across multiple performance metrics, demonstrating the stability and 
reliability of its optimization effects.

This study employs a stepwise removal method for different key metrics to assess the 
performance of the model after removing each individual metric. In the experiment, a 
GRA-BPNN model containing all metrics is first trained, referred to as Model 1. Then, each 
metric is removed one by one, resulting in ablation models 2 to 5 (after removing tourism 
safety, tourism information, tourism management, and tourism transportation, respectively). 
These models are trained and evaluated on the same dataset. The comparison of the results 
of the models after removing a specific metric with the complete model in terms of accuracy, 

Fig 9.  Comparative results of different NNs in rural revitalization evaluation.

https://doi.org/10.1371/journal.pone.0317702.g009

https://doi.org/10.1371/journal.pone.0317702.g009
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Fig 10.   T-test results.

https://doi.org/10.1371/journal.pone.0317702.g010

Fig 11.  Performance comparison results of the ablation model with the full model.

https://doi.org/10.1371/journal.pone.0317702.g011
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precision, recall, and F1 score helps verify the effectiveness of the GRA algorithm in simplify-
ing redundant metrics. The specific comparison results are shown in Fig 11.

In Fig 11, the complete GRA-BPNN model achieves an accuracy of 92.3%, precision of 
91.8%, recall of 93.7%, and an F1 score of 92.7%, performing best across all four metrics. In 
contrast, the model performance decreases when individual metrics are removed. In Model 
2 (after removing the tourism safety metric), the accuracy drops to 87.6%, precision to 
85.4%, recall to 88.1%, and F1 score to 86.7%, indicating that tourism safety has a significant 
impact on model performance. In Model 3 (after removing the tourism information metric), 
the accuracy is 89.2%, precision 87.5%, recall 89.4%, and F1 score 88.4%, showing a slight 
decrease compared to the complete model. In Model 4 (after removing the tourism man-
agement metric), the accuracy is 90.1%, precision 89.0%, recall 90.3%, and F1 score 89.6%, 
showing a performance decline, but not significant. In Model 5 (after removing the tourism 
transportation metric), the accuracy is 91.0%, precision 90.2%, recall 91.5%, and F1 score 
90.8%, indicating relatively good performance, but still lower than the complete model. These 
results demonstrate that the GRA algorithm plays a crucial role in retaining key metrics and 
enhancing model performance, further emphasizing the necessity and importance of multidi-
mensional indicators in tourism evaluation. Through the ablation study, the varying contribu-
tions of each metric to the model can be observed, thereby facilitating a better understanding 
and optimization of the model.

5.  Discussion
This study conducts an in-depth analysis of rural revitalization issues using the GRA-BPNN 
model and compares it with other traditional models. The results indicate that GRA-BPNN 
has significant advantages in rural revitalization assessment, particularly in terms of accu-
racy, precision, recall, and F1 score. The GRA algorithm plays an important role in this study 
by effectively simplifying the original complex indicator system through dimensionality 
reduction techniques. By performing GRA on multiple key indicators, the GRA algorithm 
extracts the most important factors influencing rural revitalization, reduces the interference of 
redundant information, and decreases the risk of model overfitting. This advantage allows the 
GRA-BPNN model to maintain high accuracy while improving computational efficiency and 
enhancing model stability. Furthermore, the GRA algorithm further optimizes the allocation 
of indicator weights, ensuring that services from different domains are reasonably reflected 
in the model, thus providing a more comprehensive evaluation and decision-making support 
for rural revitalization. Compared to other traditional models, the performance of the model 
in this study improves significantly. GRA-BPNN outperforms other models in key metrics 
such as accuracy, precision, recall, and F1 score. Specifically, compared to the PCA-BPNN 
model, GRA-BPNN demonstrates better feature extraction ability during the data dimension-
ality reduction process, enabling it to capture the relationships between indicators in rural 
revitalization more effectively, thus improving performance while reducing model complex-
ity. Compared to the FLC-BPNN model, GRA-BPNN handles nonlinear relationships more 
accurately and allocates weights to different indicators more reasonably, which contributes 
to superior performance across all metrics. However, despite the outstanding performance of 
GRA-BPNN in this study, the superiority of the model is also limited by the size and quality of 
the dataset. BPNN itself is highly efficient on small datasets, but as the data volume increases, 
the performance of BPNN may be challenged, especially when dealing with more complex 
nonlinear relationships. Therefore, although the dataset in this study is moderate in size, in 
larger datasets, the BPNN model may face the risk of overfitting, leading to increased compu-
tation time and performance degradation. In such cases, considering the use of DL models or 
ensemble learning methods would better address the challenges posed by big data and further 
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improve the model’s generalization ability. In addition, the rural revitalization dataset used 
in this study is of moderate size, and the BPNN model trains efficiently and achieves good 
predictive results within this scale. However, as the dataset size expands, the training time and 
computational resource requirements for the BPNN model will increase exponentially. This 
is due to the fact that BPNN’s training process relies on numerous weight updates and error 
feedbacks, and on large datasets, the model may struggle to maintain high predictive accu-
racy. To improve performance in the context of big data, other algorithms such as deep neural 
networks, CNN, or ensemble learning-based models can be considered. These methods are 
generally better at handling complex nonlinear relationships and enhancing the processing 
capabilities for large-scale datasets. In this study, certain services, such as tourism transpor-
tation and safety, receive relatively low scores, which may be attributed to the specificity and 
complexity of these indicators. The evaluation of tourism transportation typically depends 
on multidimensional indicators such as regional traffic network density, transportation 
infrastructure development, and the frequency of traffic accidents. A single indicator often 
fails to fully reflect the quality of transportation services. Factors like traffic smoothness, the 
effectiveness of traffic management, and traffic safety significantly impact transportation 
assessments in rural revitalization. However, these factors are not adequately covered in the 
existing model, leading to relatively low scores for this indicator. Safety assessments face sim-
ilar challenges. In rural revitalization, safety not only involves public security but also factors 
like natural disasters and social safety indices. The variations in these factors are often closely 
related to socioeconomic conditions, policy environments, and external factors. Therefore, a 
more detailed design of indicators and richer data support are required in the modeling pro-
cess. To improve the evaluation accuracy of services such as tourism transportation and safety, 
future research could incorporate additional indicators to comprehensively reflect the safety 
situation in rural revitalization. Overall, this study provides a powerful tool for the precise 
assessment and decision support of rural revitalization, while also pointing out future direc-
tions for research development.

6.  Conclusions

6.1  Research contribution
To improve the development level of rural tourism and promote rural revitalization, this study 
employs BPNN to construct a training model and integrates the GRA algorithm to classify the 
rural revitalization development of 10 different cities. The rural revitalization indicators are 
analyzed through the consistency test, and the order of the judgment matrix and the consis-
tency test results of each index are calculated. Ultimately, BPNN is used to construct a tourism 
service evaluation model, and the evaluation and analysis of rural revitalization tourism 
from the perspective of a smart city are carried out. In addition, the accuracy of GRA-BPNN 
evaluation has been confirmed through comparison with algorithms such as LSTM, GAN, 
and CNN in rural revitalization assessment. The research results demonstrate that: (1) the ten 
cities’ training results and expected values are relatively consistent, with a larger proportion of 
excellent and good cities, and the overall development of rural revitalization is good; (2) The 
five major indicators’ consistency test results of tourism information, security, transportation, 
environment, and management services are all less than 0.1, which meets the consistency test 
and confirms the reliability of the research data, laying a foundation for subsequent evaluation 
of tourism services; (3) Tourism information and management services are mainly C-level 
evaluations, with 62% and 62.5% respectively. Tourism transportation and safety services are 
mainly D-level evaluations, with 60% and 78%. The model can represent the level of rural 
revitalization tourism services based on the perspective of smart cities, providing a basis and 
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direction for the future development of rural tourism; (4) By comparing the GRA-BPNN 
model with other common NN models, it can be seen that when dealing with small-scale and 
medium-sized rural revitalization data, the parameters of GRA-BPNN perform well and the 
evaluation effect is the best.

6.2  Future works and research limitations
The shortcomings of this study are as follows. Firstly, in terms of selecting indicators for rural 
revitalization, combining the situation of rural practical tourism and expert questionnaire 
surveys can better reflect actual needs. By combining with the actual situation, the elements 
of rural revitalization can be more comprehensively understood, to optimize evaluation 
indicators, make them more in line with the actual situation, and improve the practicality 
and accuracy of the evaluation. Secondly, in NN models, increasing the number of training 
iterations and reducing training error values are very effective ways to improve. Increasing the 
number of training sessions can make the model better adapt to data, improve its generaliza-
tion ability, and thus enhance the accuracy of classification and evaluation. Further reducing 
the training error value can help improve the model’s stability and reliability. These  
improvements will help to more accurately evaluate the level of tourism services for rural revi-
talization, and provide more targeted suggestions and decision-making support for rural revi-
talization. Finally, this study has not yet applied the model to specific software. In the future, it 
is possible to further explore rural practice data, strengthen professional investigations related 
to practical problems, continuously improve models and indicator systems, and enhance the 
scientific and practical nature of research. Based on the needs of actual software development, 
the BPNN model is integrated into the software of the rural revitalization service platform 
to achieve more flexible and efficient decision support tools, thus better serving the practical 
needs of rural revitalization. Moreover, the successful application of this model in the context 
of rural revitalization in China demonstrates its effectiveness under specific socioeconomic 
conditions. However, the generalizability of the model to countries with significantly different 
socioeconomic conditions from China needs to be carefully evaluated. Different countries 
exhibit notable differences in resource allocation, infrastructure, policy environments, and 
cultural backgrounds, which may affect the model’s effectiveness and applicability. Therefore, 
prior to its application in other countries, comprehensive localization adjustments and valida-
tion are necessary to ensure the model can adapt to and effectively address the rural revital-
ization challenges in those countries. Additionally, cross-national comparative studies and 
collaborations can provide more experience and data support, further enhancing the model’s 
generalizability and reliability.
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