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_________________________________________________________________________________________ 

Abstract: In response to the problems of inaccurate classification and homogeneous strategies in the protection and 
development of traditional villages, this study aims to construct a data-driven village classification and differentiated 
development planning strategy system. By introducing a clustering method that combines self-organizing mapping and the 
K-means algorithm, automated, high-precision classification of villages' multi-dimensional features can be achieved. By 
combining the analytic hierarchy process and the entropy weight method for weighting, a village development evaluation 
index system is constructed to accurately identify development shortcomings. The experimental findings demonstrate that, 
when testing the classification accuracy of the research method, accuracy gradually increases to 92.5% as the data volume 
increases to 250. When the number of clusters is 5, the central processing unit takes only 3.4 seconds. In practical 
application, the highest employment rate for the research method is 58.2%, from the implementation year through the 5th 
year of the strategy. When the neighborhood radius is 6, the highest contour coefficient is 0.72. When the data missing rate 
is 0%, the highest adjusted Rand index of the research method reaches 0.91. The outcomes indicate that the research method 
has higher classification accuracy, computational efficiency, and better robustness, providing scientific methods for precise 
classification and development of traditional villages, as well as a quantitative decision-making basis for differentiated 
management of rural revitalization. 

Keywords: Village classification; SOM fusion algorithm; development planning strategy; combination weighting; 
development indicator system. 
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_________________________________________________________________________________________

1. Introduction 

With accelerating urbanization and deepening rural revitalization strategies, the protection and sustainable development of 
traditional villages have become important issues for national cultural security and rural governance. However, traditional 
villages are currently facing multiple challenges such as an imperfect classification system, a one size fits all approach to 
protection and development strategies, and conflicts between cultural inheritance and modernization construction. It is urgent 
to achieve precise identification, classification guidance, and differentiated governance through scientific methods and tech-
nological means (Wiyono et al., 2023; Li et al., 2023). High resolution remote sensing technology can be used for village 
morphology extraction and change detection, but it is limited by data acquisition costs and temporal consistency. The social 
network analysis method can analyze the governance structure of villages, but it is difficult to integrate data from material 
space and social dimensions. Self-Organizing Maps (SOMs) can better preserve the structural information of high-dimen-
sional data and enable visual mapping, but their clustering results heavily rely on preset network structures, which can easily 
lead to boundary rigidity (Mohammadi and Mobarakeh, 2022). The Analytic Hierarchy Process (AHP) can effectively inte-
grate expert knowledge and construct a three-level judgment matrix. Entropy Weight Method (EWM) quantifies the varia-
bility of data itself and can correct subjective weight (SW) bias by calculating information entropy (Bai et al., 2024; Wen, 
2023). Therefore, to construct a traditional-village intelligent classification model driven by multi-source data and to estab-
lish a scientific and transparent development evaluation system to support differentiated and implementable development 
planning strategies, a clustering algorithm integrating SOM and K-means, as well as a combined weighting model integrating 
AHP and EWM, is proposed. The novelty of the study lies in integrating SOM and K-means for village classification, thereby 

https://crossmark.crossref.org/dialog/?doi=10.32738/JEPPM-2026-4&amp;domain=pdf&amp;date_stamp=2026-07-25


Journal of Engineering, Project, and Production Management, 2026, 16(5), 2026-4 
 

2 
 

addressing the challenges of clustering high-dimensional data. Propose AHP-EWM combination weighting, balance SW and 
objective weight (OW), and enhance the scientificity of development evaluation. 

The classification and development planning of traditional villages have now received more in-depth research. Allawi 
and Al-Jazaeri (2023) proposed an urban-rural integration model centered on central villages to address lagging rural devel-
opment. By analyzing multiple urban service indicators through geographic information systems, select central villages with 
radiation and driving capabilities. The findings demonstrated that it could promote the sharing of public services and the 
optimization of spatial structure, thereby supporting sustainable development in rural areas. Zhang et al. (2024) proposed a 
boundary recognition model to address the difficulty of accurately identifying and monitoring urban villages. This method 
generated mixed prompts using semantic segmentation models and performed fine-grained segmentation using segmented 
arbitrary models. The findings demonstrated that the model could efficiently delineate the boundaries of urban villages, 
offering a deeper understanding of their evolutionary trajectories. Meng et al. (2022) proposed an automatic classification 
approach grounded in deep learning to address the high cost and low efficiency of manual surveys of rural buildings. The 
findings demonstrated that the model could accurately and automatically identify 7 features, such as building functions and 
structures, providing an efficient and low-cost technical means for large-scale village research and renovation. Wang et al. 
(2023) proposed a tourism service facility effectiveness evaluation index system to address the imbalance between traditional 
village protection and tourism development. They constructed multidimensional indicators based on the concept framework 
of life protection. The findings demonstrated that the model could effectively assess the impact of facilities on villagers, 
buildings, and culture, providing a quantitative basis for coordinating protection and development efforts. Xiao et al. (2025) 
proposed an intelligent interest coordination and communication platform to address the conflict between modernization and 
heritage protection in traditional village governance. The findings demonstrated that the platform could enhance information 
transparency, promote multi-party negotiation, and provide an effective path for traditional villages to achieve intelligent 
governance and sustainable development. 

The SOM algorithm has also received extensive research from scholars both domestically and internationally. Hua and 
Anderson-Frey (2022) introduced an analysis model based on SOM to address the complex, variable, and difficult to classify 
tornado and storm environments. During the process, the probability deviation is calculated using the kernel density estima-
tion method, and SOM is used for clustering recognition. The findings demonstrated that the model could effectively reveal 
the spatiotemporal differentiation patterns of environmental parameters. Jhong et al. (2022) proposed an ensemble forecast-
ing model based on an SOM and a backpropagation network to improve the accuracy of real-time flood forecasting during 
typhoons. During the process, SOM is used to cluster and screen weight biases. The findings demonstrated that the integrated 
model could provide more accurate peak flow and prediction intervals, effectively improving the reliability of flood warning. 
Ouzerbane et al. (2022) introduced a hydrochemical analysis method based on SOM to address the origin of salinization in 
coastal aquifers. During the process, SOM was used to classify the spatiotemporal evolution of 47 water sample data. The 
findings demonstrated that this method effectively revealed the spatial differentiation pattern of salinity parameters increas-
ing from the center to the southwest. Sakkari et al. (2022) proposed a generalized unsupervised deep SOM model to tackle 
the challenges of computational complexity and insufficient generalization ability in SOM feature extraction. They built a 
parallel learning architecture by improving the subsampling module. The findings demonstrated that the model significantly 
improved classification accuracy, training efficiency, and generalization ability on the MNIST and STL-10 datasets. Liew 
et al. (2023) introduced an intelligent classification model based on SOM to address the problem of manual and costly wood 
color classification. During the process, multiple types of cameras were used to capture images of red oak and other wood, 
extract color and texture features, and train classification through SOM. The findings demonstrated that the classification 
accuracy of the model for three types of wood reached 89% -96.4%. 

In summary, traditional village classification techniques focus on a single dimension, lack systematicity, and have a 
disconnect between strategies and classification associations. The classification results of SOM heavily rely on the preset 
two-dimensional grid structure and scale, which may not capture the most natural and compact clustering structure. In view 
of this, the research aims to achieve comprehensive intelligent classification of traditional villages driven by multi-source 
data through the construction of a SOM-K-means fusion model, and introduce a combined weighting model combining AHP 
and EWM to form differentiated and operable development planning strategies, systematically solving the problem of dis-
connection between classification and development strategies. 

2. Methodology 

2.1. Village Classification Design Based on SOM Fusion Algorithms 

The protection of traditional villages faces problems such as vague classification and single development strategies, and it is 
urgent to introduce data-driven methods to explore their inherent type patterns from a vast amount of multidimensional 
features. The SOM algorithm can transform complex village features into a two-dimensional visualization map, automati-
cally cluster similar villages through topology preservation techniques, and provide data support for developing differenti-
ated protection plans (Liu et al., 2022). The network structure of this algorithm is shown in Fig. 1. 
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Fig. 1. The self-organizing neural network structure of SOM algorithm 

 
As shown in Fig. 1, the SOM network maps multidimensional input data to a two-dimensional competitive layer. Through 

a competitive mechanism, each sample activates a winning neuron and updates the weights of that neuron and its neighboring 
units, so that similar samples map to adjacent positions in two-dimensional space, thereby forming a topologically ordered 
feature map. The core processes of this network include competition, cooperation, and weight adaptation, where the coop-
eration process is implemented through neighborhood functions, as shown in Eq. (1). The neighborhood function is typically 
defined using a Gaussian function, where 𝑑𝑑𝑐𝑐,𝑗𝑗  is the distance between neurons and 𝜎𝜎(𝑡𝑡) is the neighborhood radius. 

ℎ𝑐𝑐,𝑖𝑖(𝑡𝑡) = 𝑒𝑒𝑒𝑒𝑒𝑒( − 𝑑𝑑𝑐𝑐,𝑗𝑗
2 /2𝜎𝜎(𝑡𝑡)2)                                                                  (1) 

In Eq. (1), ℎ𝑐𝑐,𝑖𝑖(𝑡𝑡) is the value of the neighborhood function,  𝑑𝑑𝑐𝑐,𝑗𝑗  is the geometric distance between neuron𝑖𝑖and winning 
neuron 𝑐𝑐in the output layer grid, and  𝜎𝜎(𝑡𝑡)is the attenuation width parameter (neighborhood radius), which decays over time 
to ensure convergence. The learning rate 𝛼𝛼(𝑡𝑡) and the neighborhood radius 𝜎𝜎(𝑡𝑡) are critical for network convergence and 
topology preservation. Additionally, to avoid the impact of the different dimensions of the input vector's characteristics, z-
score standardization is applied to the input mode vector. The specific expression is presented in Eq. (2). 

𝑉𝑉𝑛𝑛𝑛𝑛𝑛𝑛 = (𝑣𝑣 − 𝜙𝜙)/𝜆𝜆                                                                           (2) 

In Eq. (2), 𝑉𝑉𝑛𝑛𝑛𝑛𝑛𝑛  is the standardized new value, 𝑣𝑣  is the original data value of a certain feature,  𝜙𝜙  is the arithmetic mean 
of all data values of that feature,  𝜆𝜆 and is the standard deviation of all data values of that feature. To maintain consistency 
between the output layer topology and the high-dimensional data distribution, SOM networks dynamically adjust the weight 
vectors of winning neurons and their neighboring neurons to preserve the topology in the mapping space. The mathematical 
principle for weight update is given by Eq. (3). 

�
𝑄𝑄𝑖𝑖(𝑡𝑡 + 1) = 𝑄𝑄𝑖𝑖(𝑡𝑡) + 𝛼𝛼(𝑡𝑡)𝑒𝑒−𝑛𝑛[𝑉𝑉 − 𝑄𝑄𝑖𝑖(𝑡𝑡)]，𝑖𝑖 ∈ 𝐿𝐿𝑖𝑖∗(𝑡𝑡)

𝑄𝑄𝑖𝑖(𝑡𝑡 + 1) = 𝑄𝑄𝑖𝑖(𝑡𝑡)，𝑖𝑖 ∉ 𝐿𝐿𝑖𝑖∗(𝑡𝑡)
                                                (3) 

In Eq. (3), 𝐿𝐿𝑖𝑖∗(𝑡𝑡) is the neighborhood function centered around the winning neuron  𝑖𝑖∗at time𝑡𝑡,𝑄𝑄𝑖𝑖(𝑡𝑡)is the weight vector 
of the neuron 𝑖𝑖 at time  𝑡𝑡, 𝛼𝛼(𝑡𝑡) is the learning rate, and𝑒𝑒  −𝑛𝑛  is the topological distance between neurons. To ensure the 
accuracy and orderly structure of village classification results, the study optimized the network by dynamically adjusting the 
learning rate and the range of superior neighborhoods. The update rules for these parameters are shown in Eq. (4), which 
includes the formulas for the learning rate 𝛼𝛼(𝑡𝑡) and the neighborhood radius 𝜎𝜎(𝑡𝑡). 

�
𝛼𝛼(𝑡𝑡) = 𝑒𝑒−𝑛𝑛/(𝑡𝑡 + 2)，𝑡𝑡 = 1,2, … ,𝑇𝑇
𝐿𝐿(𝑡𝑡) = 𝐿𝐿(0)(1 − 𝑡𝑡/𝑇𝑇)，𝑡𝑡 = 1,2, … ,𝑇𝑇

                                                           (4) 

In Eq. (4), 𝑇𝑇is the preset total number of training iterations,𝐿𝐿(𝑡𝑡) is the neighborhood size of time𝑡𝑡, and 𝐿𝐿�0� is the initial 
neighborhood size at the initial training time. The weight vector update equation combines ℎ𝑐𝑐,𝑖𝑖 (𝑡𝑡) and 𝛼𝛼(𝑡𝑡), and its mathe-
matical expression is shown in Eq. (5). 

𝑤𝑤𝑖𝑖(𝑡𝑡 + 1) = 𝑤𝑤𝑖𝑖(𝑡𝑡) + 𝛼𝛼(𝑡𝑡)ℎ𝑐𝑐,𝑖𝑖(𝑡𝑡)[𝑥𝑥(𝑡𝑡) − 𝑤𝑤𝑖𝑖(𝑡𝑡)]                                                   (5) 

In Eq. (5),  𝑤𝑤𝑖𝑖(𝑡𝑡) represents the weight vector before update,  𝑤𝑤𝑖𝑖�𝑡𝑡 + 1� represents the weight vector after update, and 
𝑥𝑥(𝑡𝑡) represents the current input sample vector. 

The classification results of SOM networks are limited by their fixed topological grid structure, which can lead to inflex-
ible category boundaries. However, the K-means algorithm can dynamically determine clustering centers based on data 
distribution, making category division more accurate and compact. The clustering structure of this algorithm is shown in Fig. 
2. 
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Fig. 2. The clustering structure of K-means algorithm 

 
As shown in Fig. 2, the algorithm first preprocesses the multidimensional village sample data and then initializes K 

cluster centers (Tissot, 2025; Hebbi and Mamatha, 2023). The algorithm iteratively calculates the distance from each village 
to each center, assigns it to the nearest cluster, and updates the cluster center meaning until the center point changes by less 
than a threshold or reaches the maximum number of iterations. Finally, it outputs clustering results and evaluates their ef-
fectiveness. 

To objectively assess clustering effectiveness and determine the optimal number of village types, the study optimizes the 
objective function by minimizing the sum of squared errors, as given by Eq. (6). 

𝐸𝐸 = ∑
𝑖𝑖=1
𝑚𝑚

∑
𝑢𝑢∈𝐶𝐶𝑖𝑖

|𝑢𝑢 − 𝜂𝜂𝑖𝑖|22                                                                             (6) 

In Eq. (6), 𝐸𝐸 is the sum of squares of total errors,  𝐶𝐶𝑖𝑖  is the 𝑖𝑖th cluster, and  𝜂𝜂𝑖𝑖  is the cluster center of the 𝑖𝑖th cluster. 
Considering that high-dimensional village datasets contain a large number of redundant or unrelated features, the study 
adopts a correlation based feature selection algorithm to screen the most representative features in the dataset. The definition 
of the estimated value of its individual feature is shown in Eq. (7). 

𝑍𝑍merit = 𝑛𝑛𝑏𝑏𝑐𝑐𝑐𝑐/�𝑛𝑛 + 𝑛𝑛(𝑛𝑛 − 1)𝑏𝑏𝑓𝑓𝑓𝑓                                                                 (7) 

In Eq. (7),  𝑍𝑍merit  is the "value" score of the feature subset to be evaluated,  𝑏𝑏𝑐𝑐𝑐𝑐  is the average correlation between all 
features in the feature subset and the target category, and  𝑏𝑏𝑓𝑓𝑓𝑓  is the average correlation between all feature pairs within the 
feature subset. Finally, the SOM algorithm is integrated with the K-means algorithm to construct a village classification 
process based on SOM-K-means, as shown in Fig. 3. 
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Fig. 3. Village classification process based on SOM-K-means (https://iconpark.oceanengine.com/home) 

 
In Fig. 3, the SOM neural network is used to standardize and competitively learn multi-source indicator data. Subse-

quently, it is used as the initial parameter for K-means, and the distance between each sample and the center is iteratively 
calculated, followed by re-clustering and updating the center. The final output is a stable cluster center, and the villages are 
divided into five categories: urban-rural integration, agglomeration and improvement, characteristic protection, rectification 
and improvement, and relocation and consolidation. The study employs the Davidson Boulding (DB) index to evaluate the 
clustering performance of the SOM-K-means fusion algorithm. The formula for the DB index is given by Eq. (8). 

( )
1

1 max ( ) ( ) / ( , )
m

i j i j
i

i j

DB avg C avg C D
m

η η
=

≠

 = ∑ + 
                                                (8) 

In Eq. (8), 𝐷𝐷𝐷𝐷  is the final score of the DB index,  𝑎𝑎𝑎𝑎𝑎𝑎(𝐶𝐶𝑖𝑖)  is the average distance from all sample points in the 𝑖𝑖th 
cluster to its center point, and 𝐷𝐷�𝜂𝜂𝑖𝑖 , 𝜂𝜂𝑗𝑗�  is the distance between the center point of the 𝑖𝑖th cluster and the center point of the 
𝑗𝑗th cluster. 



Journal of Engineering, Project, and Production Management, 2026, 16(5), 2026-4 
 

5 
 

The optimal number of clusters, K, was determined to be 5 based on a comprehensive evaluation that combined the elbow 
method, silhouette coefficient, Davies Bouldin (DB) index, and practical domain constraints. The elbow point of the within-
cluster sum of squares, the maximum average silhouette width, and the minimum DB index all consistently indicated that 
K=5 yields the most compact and well-separated clusters. Furthermore, this number aligns with the five typical village de-
velopment categories recognized in Chinese rural planning policies (urban‑rural integration, agglomeration and improve-
ment, characteristic protection, rectification and improvement, relocation and consolidation), ensuring the classification re-
sults are both statistically optimal and policy‑relevant. 

2.2. Design of Village Development Planning Strategies Based on Combination Weighting 

Although the SOM-K-means method can classify village types, its results are greatly affected by data quality and are difficult 
to directly guide policies. Therefore, it is particularly crucial to establish a scientific indicator system for village development 
that not only provides a data foundation for classification but also effectively links classification results to planning strategies. 
To further eliminate the differences in scale and magnitude between indicators, it is essential to standardize the original data 
using the method shown in Eq. (9). 

( ) ( )
( ) ( )

min max min

max max min

/
/

i i

i i

Z S S S
Z S S

S
SS

+

−


=
−

 − −
−



 =

                                                               (9) 

In Eq. (9), 𝑍𝑍𝑖𝑖+is the standardized positive indicator value,𝑆𝑆𝑖𝑖is the original value of the 𝑖𝑖th village on the indicator,𝑆𝑆𝑚𝑚𝑚𝑚𝑚𝑚is 
the max value of all villages on the indicator,𝑆𝑆𝑚𝑚𝑚𝑚𝑚𝑚is the min value of all villages on the indicator,𝑍𝑍𝑖𝑖− and is the standarized 
negative indicator value. The study uses a combination of AHP and EWM to determine the final weights, incorporating 
subjective judgments of the importance of indicators based on expert experience, as well as objective distribution patterns 
of the data itself, to ensure that the evaluation results are more scientific and reliable (Ji et al., 2023; Liu et al., 2023). The 
importance ranking process of village development indicators based on AHP and EWM is shown in Fig. 4. 
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Fig. 4. Importance ranking process of village development indicators (https://iconpark.oceanengine.com/home) 

 
In Fig. 4, the process first establishes a complete evaluation index system and collects basic data. Subsequently, AHP is 

applied to calculate SWs, and EWM to calculate OWs. Finally, by integrating SW and OW with a combined weighting 
model, comprehensive importance coefficients for each indicator are obtained, and the final importance ranking is generated 
from these coefficients. Due to the logarithmic calculation required by the EWM, a standardized value of 0 yields undefined 
logarithms; to maintain the objectivity and stability of the data, a small translation of the standardized data is also necessary. 
The translation formula is shown in Eq. (10). 

𝑠𝑠𝑖𝑖𝑖𝑖 = 𝛽𝛽 + 𝑧𝑧𝑖𝑖𝑖𝑖′                                                                               (10) 

In Eq. (10), 𝑠𝑠𝑖𝑖𝑖𝑖is the final data value after translation processing,𝛽𝛽is a very small positive number, and 𝑧𝑧𝑖𝑖𝑖𝑖
′ is the stand-

ardized indicator value. 

To ensure a more scientific and objective weighting system for village development indicators, it is necessary to calculate 
the indicators' information entropy and utility values. The specific calculation formula is shown in Eq. (11). 
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𝐸𝐸𝑥𝑥𝑥𝑥 = −𝛽𝛽 ∑
𝑖𝑖=1
𝑛𝑛
𝐵𝐵𝑖𝑖𝑖𝑖 𝑙𝑙𝑙𝑙(𝐵𝐵𝑖𝑖𝑖𝑖)，𝐷𝐷𝑗𝑗 = 1 − 𝐸𝐸𝑥𝑥𝑥𝑥                                                        (11) 

In Eq. (11), 𝐸𝐸𝑥𝑥𝑥𝑥   is the information entropy of the 𝑗𝑗th indicator,  𝛽𝛽  is the normalization coefficient, and  𝐷𝐷𝑗𝑗   is the differ-
ence coefficient of the 𝑗𝑗th indicator. To quantify the deviation between theoretical weights and expert judgments, it is nec-
essary to conduct AHP consistency tests. The formula for calculating the maximum eigenvalue is given in Eq. (12). 

𝜇𝜇 1
𝑟𝑟
∑
𝑖𝑖=1
𝑟𝑟

[(𝐴𝐴𝐴𝐴)𝑖𝑖/𝑞𝑞𝑖𝑖]𝑚𝑚𝑚𝑚𝑚𝑚                                                                      (12) 

In Eq. (12), 𝐴𝐴is the judgment matrix,𝜇𝜇𝑚𝑚𝑚𝑚𝑚𝑚is the max eigenvalue of the judgment matrix, and 𝑞𝑞is the weight vector cal-
culated by the AHP. Afterward, the linear combination method was used to fuse the SW and OW, and the combined weight 
of the village development level indicator was calculated. The specific expression is shown in Eq. (13). 

𝑄𝑄𝑧𝑧 = 𝛿𝛿𝑄𝑄𝑖𝑖′ + 𝛾𝛾𝑄𝑄𝑖𝑖′′                                                                           (13) 

In Eq. (13), 𝑄𝑄𝑧𝑧  is the final combination weight of the 𝑖𝑖th indicator,  𝑄𝑄𝑖𝑖
′   is the SW of the 𝑖𝑖th indicator calculated by the 

AHP,  𝑄𝑄𝑖𝑖
′′  is the OW of the 𝑖𝑖th indicator calculated by the EWM,𝛿𝛿is the coefficient of the SW in the combination weight, 

and 𝛾𝛾is the coefficient of the OW in the combination weight. To effectively identify the key bottlenecks constraining village 
development and provide a clear basis for formulating precise and differentiated strategies, the study determines a compre-
hensive score for village development levels based on the multi-faceted area method. The evaluation system and indicator 
diagram of this method are shown in Fig. 5. 
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Fig. 5. Evaluation system and indicator diagram based on multi-faceted area method 

 
As shown in Fig. 5, multiple indicator data from the village development evaluation system are standardized so that all 

indicator values fall within the interval of [-1, 1]. Then, with the central point as the origin, each standardized indicator value 
is plotted on its corresponding coordinate axis. These points are connected sequentially to form an irregular polygon. Finally, 
the area of this polygon is calculated. This area value represents the final score for the village's comprehensive development 
level. The formula for calculating the comprehensive score of the village development level is given by Eq. (14). 

𝑆𝑆𝑧𝑧 = 𝑠𝑠𝑠𝑠𝑠𝑠 𝜑𝜑
2
∗ (𝑍𝑍𝑎𝑎𝑍𝑍𝑏𝑏 + 𝑍𝑍𝑏𝑏𝑍𝑍𝑐𝑐 + 𝑍𝑍𝑐𝑐𝑍𝑍𝑑𝑑 + 𝑍𝑍𝑑𝑑𝑍𝑍𝑒𝑒 + 𝑍𝑍𝑒𝑒𝑍𝑍𝑎𝑎)                                                (14) 

In Eq. (14),  𝑍𝑍𝑎𝑎,𝑍𝑍𝑏𝑏,𝑍𝑍𝑐𝑐,𝑍𝑍𝑑𝑑,  and 𝑍𝑍𝑒𝑒 are the standardized scores of villages in five different development dimensions,  𝑆𝑆𝑧𝑧  
is the comprehensive score of the village development level, and 𝜑𝜑 is the angle between the indicator axes on the radar chart. 
Finally, based on the above design, a research framework for village development planning strategies using the SOM-K-
means classification method and combined weighting is obtained, as shown in Fig. 6. 

In Fig. 6, first, multi-source village data are integrated and preprocessed, and then the SOM-K-means fusion algorithm 
is employed to achieve scientific classification of villages: SOM is used for dimensionality reduction and initial clustering, 
and K-means is used for precise iteration. Based on the classification results, a differentiated evaluation system is constructed, 
and AHP (subjective) and EWM (objective) are combined for weighting. Finally, the polygon area method is used to calcu-
late the comprehensive development score for each village, accurately identifying strengths and weaknesses and providing 
a quantitative basis for formulating differentiated and precise village development planning strategies. 

3. Results and Analysis 

3.1. Performance Testing of Fusion Algorithms and Development Planning Strategies 

To evaluate the performance of the SOM fusion algorithm and the development planning strategy for traditional village 
classification, the Chinese traditional village spatial distribution dataset was selected as the test data source. The software, 
hardware, and their parameters used for performance testing are presented in Table 1. 
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Fig. 6. Research framework for village development planning strategies (https://iconpark.oceanengine.com/home) 

 

Table 1. The preset parameters of each component in the device 

Software and hardware names Parameter description 
Programming language Python 

Geographical information system QGIS 
Statistical analysis SPSS 

Development environment Anaconda 3 
Visual analysis VOSviewer 

Central Processing Unit (CPU) 16GB 
Storage 1TB 

 

Based on the above software, hardware, and dataset, the research method was tested and referred to as the SKM-AHP-
EWM method. To evaluate the robustness of the proposed method under incomplete data, missing values were artificially 
introduced into the dataset following a missing completely at random (MCAR) mechanism. Two common missing data 
handling techniques were employed: mean imputation for continuous variables and listwise deletion for samples with critical 
missing attributes. The results reported in Section 3.2 for different missing rates were based on the mean imputation strategy, 
as it preserved sample size while maintaining data integrity. 

To verify the effectiveness of the proposed SKM-AHP-EWM method, the study selected two baseline models for com-
parison: the method combining the Gaussian Mixture Model with the Structural Equation Model (GMM-SEM) and the 
method combining Hierarchical Clustering with the Structural Equation Model (HC-SEM). In the GMM-SEM method, 
GMM was first used to perform soft clustering on the multidimensional characteristics of villages, assigning each village a 
probability of belonging to each cluster; then, SEM was applied to each identified cluster to assess its internal consistency 
and verify the rationality of the clustering structure. In the HC-SEM method, HC (using Ward's method) generated a den-
drogram, and villages were classified by optimizing the height-cutting tree; subsequently, SEM was used to verify the dis-
criminant validity and cohesion of the obtained clusters. Both baseline models were assigned the same standardized feature 
dataset as the proposed method and underwent the same preprocessing steps to ensure fairness in comparison. These two 
baselines were chosen because they are representative: GMM represents a clustering method based on probability distribu-
tion, while HC represents a clustering method based on hierarchical connectivity. By comparing these different clustering 
paradigms, the superiority of the SOM-K-means fusion algorithm in classification performance can be fully demonstrated. 
The study first compared the classification accuracy of the three methods, and the test results are shown in Fig. 7. 

Fig. 7(a) indicates the classification accuracy test outcomes of three approaches, and Fig. 7(b) indicates the recall test 
outcomes of the three approaches. In Fig. 7(a), the classification accuracy of the SKM-AHP-EWM method was positively 
correlated with data volume and increased linearly with increasing data volume. As the data volume increased from 50 to 
250, accuracy gradually rose from 82.1% to 92.5%. The accuracy growth trend of the GMM-SEM and HC-SEM methods 
was the same as that of the research method, and their accuracy reached 84.2% and 76.3%, respectively, at a data volume of 
250. As shown in Fig. 7(b), the recall rate of the SKM-AHP-EWM method increased linearly with the increase of data 
volume. At a data volume of 50, the recall rate reached 76.3% and then increased linearly to 87.1% as the data volume 
increased to 250. The recall trend of the HC-SEM method was the same as that of the research method, and when the data 
volume reached 250, its recall rate was only 71.8%. The findings demonstrated that the research method had better classifi-
cation accuracy. Afterward, the computational efficiency of the three approaches was compared with the CPU usage time 
and convergence iteration times as indicators. The test outcomes are shown in Fig. 8. 
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Fig. 7. Comparison of classification accuracy among three approaches 
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Fig. 8. Comparison of computational efficiency among three approaches 

 
Fig. 8(a) indicates the CPU usage test outcomes of three approaches, and Fig. 8(b) shows the convergence iteration test 

outcomes of the three approaches. In Fig. 8(a), the CPU usage time for all three approaches was positively correlated with 
the number of clusters, and the SKM-AHP-EWM method optimized the initial centers through pre-clustering to reduce 
iteration redundancy, resulting in the slowest growth in CPU usage time. As the number of clusters increased from 5 to 15, 
CPU usage time gradually increased from 3.4 seconds to 6.5 seconds. The overall CPU usage time of the GMM-SEM method 
and the HC-SEM method was higher than that of the research method, and reached 10.2 seconds and 14.1 seconds, respec-
tively, when the number of clusters was 15. From Fig. 8(b), the convergence iteration times of the three approaches all 
increased linearly with the increase of the number of clusters, while the SKM-AHP-EWM method could map high-dimen-
sional samples to low-dimensional grids, providing an initial center close to the global optimum, so the iteration times were 
the least, and the growth is gentle. When the number of clusters increased from 5 to 15, the number of convergence iterations 
slowly increased from 10 to 16. The convergence iteration number growth trend of the HC-SEM method was the same as 
that of the research method, and when the number of clusters was 15, its iteration number reached 37. The findings demon-
strated that the research method was more computationally efficient. 

3.2. Simulation Testing of Fusion Algorithms and Development Planning Strategies 

This section presents two categories of evaluations. (1) Simulation‑based assessment of strategy effectiveness under hypo-
thetical scenarios. (2) Empirical evaluations of clustering quality and robustness using the real‑world village dataset. The 
study further validated the practical performance and effectiveness of a smart expressway evaluation system that integrated 
combined weighting methods, cloud models, and knowledge graphs in real-world applications. Due to the outflow of rural 
young adults, which leads to low initial employment rates, and the natural deterioration or improper renovation of ancient 
buildings resulting from a lack of systematic preservation efforts, the study compared the strategic effectiveness of the three 
approaches, using employment rates and ancient building preservation rates as indicators. This comparison was conducted 
via simulation, with initial values set to reflect typical rural conditions. The test outcomes are shown in Fig. 9. 

Re
ca

ll 
(%

)

Data volume
(b) Recall testing of three methods

85

75

65

55

SKM-AHP-EWM
GMM-SEM
HC-SEM

100 20050 250150

90

80

70

60

(a) Accuracy testing of three methods

50 100 150 200 250
Data volume

SKM-AHP-EWM
GMM-SEM
HC-SEM

65

70

75

80

85

90

95

100

A
cc

ur
ac

y 
(%

)



Journal of Engineering, Project, and Production Management, 2026, 16(5), 2026-4 
 

9 
 

 
Fig. 9. Comparison of the effectiveness of three strategies 

 
Fig. 9 (a) indicates the employment rate test outcomes of three approaches, and Fig. 9 (b) shows the ancient building 

preservation rate test outcomes of the three approaches. In Fig. 9(a), with an initial employment rate of 38%, the SKM-AHP-
EWM method, due to the precise classification and multidimensional weighting of the SOM fusion algorithm, could adapt 
well to the characteristics of industries and villages, and its employment rate continued to grow steadily. When the strategy 
reached its fifth year of implementation, the highest employment rate achieved by the SKM-AHP-EWM method was 58.2%. 
As shown in Fig. 9(b), with an initial preservation rate of 82% for ancient buildings, the SKM-AHP-EWM method could 
allocate protection resources through AHP-EWM weighting, resulting in a steady increase in the preservation rate of ancient 
buildings. When the strategy reached its fifth year of implementation, the highest preservation rate for the research method 
was 93.7%. The preservation rate of the HC-SEM method was unstable, and in the second year of policy implementation, 
its preservation rate of ancient buildings decreased to 81.2%. The findings demonstrated that the research method was more 
effective. To empirically assess the clustering quality of the three methods on the actual dataset, the silhouette coefficient 
and Davies Bouldin index were computed. The test outcomes are shown in Fig. 10. 
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Fig. 10. Comparison of clustering quality among three approaches 

 
Fig. 10(a) indicates the contour coefficient test outcomes of three approaches, and Fig. 10(b) indicates the Davies Bouldin 

index test outcomes of the three approaches. In Fig. 10(a), the contour coefficients of the three approaches exhibited an initial 
ascent followed by a descent as the neighborhood radius increased. When the neighborhood radius was 6, all three ap-
proaches reached their optimal values, and the highest contour coefficient was 0.72 for the SKM-AHP-EWM method. When 
the neighborhood radius was 2, the minimum contour coefficient of the HC-SEM method was 0.35. From Fig. 10(b), the 
Davies Bouldin indices of the three approaches all demonstrated a pattern of initial decline followed by an upswing as the 
neighborhood radius expanded, and the sorting indices of the SKM-AHP-EWM method were higher than those of the com-
parison method. When the neighborhood radius was 6, the clustering quality of the research method reached its optimum, 
with the lowest index of 0.82. The clustering performance of the GMM-SEM and HC-SEM methods was also optimal when 
the neighborhood radius was 6, with values of 1.12 and 1.84, respectively. The findings demonstrated that the research 
method achieved higher quality clustering. The robustness of the three approaches was empirically evaluated by artificially 
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introducing missing data under the MCAR mechanism and applying mean imputation.  The test outcomes are presented in 
Fig. 11. 

 
Fig. 11. Comparison of robustness among three approaches 

 
Fig. 11(a) shows the adjusted Rand index test outcomes of three approaches, and Fig. 11(b) shows the normalized mutual 

information test outcomes of the three approaches. As shown in Fig. 11(a), the curves for the three approaches decreased 
with increasing data loss rate, but the SKM-AHP-EWM method showed the smoothest decline, whereas the HC-SEM 
method showed the steepest. When the data missing rate was 0%, the adjusted Rand index of the SKM-AHP-EWM method 
reached 0.91. Afterward, as the data missing rate increased to 50%, its index slowly decreased to 0.71. From Fig. 11(b), the 
normalized mutual information index for the three approaches was negatively correlated with the data loss rate, while the 
SKM-AHP-EWM method showed a slight decrease compared to the comparison method. When the data loss rate was 0%, 
the index reached 0.93, and at 50% data loss, the research method still maintained a normalized mutual information index 
of 0.68 or higher. The findings demonstrated that the research method was more robust. 

4. Conclusion 

To solve the problems of inaccurate classification and homogenized strategies in the protection and development of tradi-
tional villages, an innovative development planning strategy system based on the SOM fusion algorithm and combined 
weighting was developed. In terms of research methods, a SOM-K-means fusion algorithm that combines SOM and K-
means was proposed to classify villages into five development types. By combining AHP and EWM for weighting, a village 
development evaluation system was constructed to identify development shortcomings and formulate precise strategies. The 
experimental findings demonstrated that when the data volume increased to 250, the recall rate linearly increased to 87.1%. 
When the number of clusters was 15, the number of iterations required to converge was 16. In practice, when the strategy's 
implementation reached its fifth year, the highest preservation rate for the research method was 93.7%. When the neighbor-
hood radius was 6, the lowest exponent of the research method was 0.82. When the data missing rate was 0%, its normalized 
mutual information index reached 0.93. In summary, the research method outperformed the comparative method in terms of 
classification accuracy, computational efficiency, strategy effectiveness, and robustness. However, the SOM algorithm was 
limited by the preset grid structure and lacked flexibility in class boundaries. In combination with weighting, SWs relied on 
expert experience and might have certain biases. In the future, more flexible spectral clustering algorithms will be introduced 
to further enhance boundary adaptability, while using the Delphi method or group decision optimization to obtain SWs. 
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