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Efficient distribution of rural cultural resources is essential for sustainable development under China’s rural

revitalization strategy. This study presents a scalarized multi-objective genetic algorithm optimizing utilization,

tourism appeal, costs, and sustainability under constraints. Tested on 30 simulated resources, it outperforms

heuristics, improving utilization by 14.47%, reducing costs by 19.72%, and increasing sustainability scores by

1.18 points.
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1. Introduction

Rural cultural resources preserve identity and promote
sustainability [1]. Effective rural cultural resources boost
connections, well-being, development. Optimized site al-
locations guide sustainable rural heritage development
[2]. Effective rural cultural resources boost connections,
well-being, development [3]. Rural cultural investments
achieve effectiveness through practical improvements [4]
Study combines culture with genetic algorithms optimizing

resources.

2. Materials and methods

Wang et al. [5] Ningxia water distribution optimization
using PSO-SA. These studies emphasize cultural value,
participation, sustainability; quantitative methods limited.
Natesha and Guddeti [6] Optimizes IoT placement reduc-
ing cost, time, energy. Cloud optimization handles con-
straints; rural uses sustainability optimization. Fig. 1 shows
genetic algorithm optimizing rural cultural resource distri-
bution for sustainability. The proposed framework sequen-
tially clean data, define variables, encode chromosomes,

optimize GA. Genetic algorithms allocate rural cultural re-
sources with encoding (where each gene is represented as
a continuous numerical value rather than a binary value)
to create an exact representation of actual investment and
allocation decision-making processes. Real-valued chromo-
some encoding represents proportional investments using
continuous ratio variables.

Algorithm optimizes rural resources selection muta-
tion evaluation (Fig. 2) The initial population is formed by
randomly creating feasible chromosomes. Chromosomes
initialized by random allocation ratios within bounds;

crossover mutation explore space.

PO — {XO,XO,...,X%} )

In this Eq. (1), PY represents initial population, X,g de-
notes chromosomes. The chromosome represents allo-
cation variables associated with rural cultural resources,
where gene values indicate allocation intensity, ranking,
and resource prioritization. Parent chromosomes are se-
lected using tournament selection, subset sampled ran-
domly; fittest chosen, promoting quality and diversity.
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Fig. 1. Proposed genetic algorithm-based rural cultural
resource allocation framework

Gaussian perturbations are applied to gene values during
mutation, magnitude of variation determined by underly-
ing distribution parameters guiding changes. Gaussian mu-
tation is applied to introduce small, normally distributed
perturbations support smooth exploration and stable so-
lution refinement. The system uses this method to stop
early solution convergence while investigating alternative
potential solutions. Constraint preservation is incorporated
within crossover and mutation operations to maintain ad-
herence to predefined budget limits. Adjusted offspring
normalized proportionally, maintaining feasibility within
allocation bounds.

A multi-objective fitness function (a mathematical mea-
sure used to evaluate the quality of each allocation solu-
tion) is designed to fitness function evaluates quality op-
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Fig. 2. Overall workflow of the proposed genetic algorithm

timizing resource cost sustainability. The policy-oriented
fitness evaluation mechanism incorporates sustainability
by evaluating resource allocations through a combination
of environmental, social, and economic factors. Includes
sustainability score using cultural importance, tourism at-
tractiveness metrics. The strategy evaluates how capital
optimizes rural cultural facility operations.
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Eq. (2)) represents average utilization improvement
across cultural resources (R). The utilization improvement
metric measures the change in usage of each rural cultural
facility following budget allocation. Percentage increase in
utilization after optimization measuring operational per-
formance.
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Eq. (3) evaluates sustainability using resource scores,
allocation ratio, and costs. The optimization objective
incorporates utilization efficiency, tourism attractiveness,
maintenance expenditure, Integration balances priorities
improving usage, tourism, costs, sustainability outcomes
overall. The fitness function incorporates weight parame-
ters to balance resource utilization, tourism attractiveness,
The genetic algorithm ends with its best. The genetic algo-
rithm ends with its best solution found after analyzing all
available solutions in the final population. Selected chro-
mosome achieves maximum performance increases usage
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appeal decreasing expenses.

Algorithm 1. Genetic Algorithm for Rural Cultural
Resource Allocation

Require:
Cleaned and normalized rural cultural resource dataset
Population size N
Maximum generations G
Crossover probability P
Mutation probability Py,
Fitness function F(-)
Ensure: Optimal resource allocation chromosome X*
1: Initialize population and evaluate fitness of each chro-
mosome using F(-)
: Select parents from the current population
: Apply crossover with probability P,
: Apply mutation with probability P,

g s N

: Repair offspring to satisfy resource and cultural con-
straints
: Evaluate fitness of the offspring

6
7: Apply elitism to form the next generation
8: Repeat steps 27 for g =1to G

9

. return the best chromosome X*

A desktop with Intel Core i5-12400, 8GB RAM, Python
3.11.9, and 3-5s computation time. The study evalu-
ates a genetic algorithm framework using synthetic rural
data. Township cultural facilities: temples, heritage sites,
importance-tourism-cost-utilization-sustainability. A simu-
lated dataset of 30-resource dataset heritage-significance,
cultural-importance, tourism-attractiveness uniform; costs
normal; utilization linear; sustainability composite. Re-
searchers simulated village resources; study analyzes 30
resources, 20-40 China. Numerical attributes of the dataset
were cleaned and standardized before genetic algorithm
optimization. Missing values replaced; infeasible corrected;
variables normalized for fairness. Cultural-importance
heritage; tourist- attractiveness visitors; utilization usage;
cost expenses; capacity-limits; sustainability. The synthetic
dataset follows domain-informed statistical assumptions
to represent variability in rural cultural resource charac-
teristics. Cultural, tourism uniform; maintenance normal;
capacity bounded uniform distributions.

Tourism attractiveness quantifies the appeal of each cul-
tural facility to visitors, Higher tourism attractiveness in-
creases visitors, boosts economy, enhances cultural partici-
pation. Similar to cultural importance, this attribute was
generated Eq. (4)

TA; ~ U(1,10) @)

where TA; represents the tourism appeal of the i re-
source. Cultural sustainability influences tourist attraction,
with random factors affecting outcomes. In this study, data
preprocessing ensures the quality, consistency, and suit-
ability of the simulated rural cultural resource dataset for
genetic algorithm-based optimization. This step standard-
izes data; Eq. (5) clearly presents
grorm % = %min_ -
Xmax — Xmin
Here, x, by scaling it between [0, 1] for optimization.
Genetic algorithm uses population100 generations200 tour-
nament3 crossover(0.8 mutation0.05 elitism5% encoding.
Tournament selection size determines the selection pres-
sure within the genetic algorithm. Larger tournaments
favor exploitation; smaller maintain diversity; elitism pre-
serves best solutions. Chromosomes represent genes; GA
optimized weighted sum, tested 30 experiments stability

3. Results & discussion

Genetic algorithm improves resource allocation, sustain-
ability, reduces costs, supports rural revitalization. An
increase in the number of rural cultural resources results
in an expansion of the search space, Higher complexity
increases computation, but GA ensures stable convergence
quality. Moderate cultural-resource use, high cost and sus-
tainability differences. Maintenance cost reduction reflects
allocation efficiency under constrained budget ensuring
sustainable planning. Fig. 3 shows two clusters: 20 — 35%
and 60 — 80% utilization scale. Fig. 4 shows fitness scores
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Fig. 3. Distribution of Current Utilization Levels Before
Optimization

evolution across generations during optimization. The con-
vergence behavior of the genetic algorithm is characterized
by a gradual improvement in fitness values over successive
generations, Stable convergence trend shows balanced ex-
ploration, exploitation, robust optimization performance. x
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-axis shows generations, y -axis fitness; performance fluctu-
ates during exploration, exploitation.

The proposed genetic algorithm optimizes utilization,
cost, sustainability efficiently. Optimized increase utiliza-
tion 1.78%-14.47%; Village C 14.47%, A 11.68%; GA 14.47%
+ 1.82 robust

The Table 2 summarizes RMSE, MAE, utilization, cost
reduction, and sustainability scores for Random, Propor-
tional, and Proposed GA methods.

Fitness Convergence Curve

-0.225

-0.250

-0.275

-0.300

Fitness Score

|
14
w
&
&

-0.350

-0.375

°
N
3
IS
8
F
8
®
3
-
8
3

Generation

Fig. 4. Fitness convergence curve

Fig. 5 shows resource utilization before and after opti-
mization, indicating improvement.

Comparison of Resource Utilization Before and After Optimization
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Fig. 5. Comparison of Resource Utilization Before and
After Optimization

Optimization strategy reduced maintenance costs for
most resources, Fig. 6.

Optimization resulted in cost savings, improving effi-
ciency and resource management. Fig. 7 shows sustainabil-
ity scores for R1-R30 post-optimization improvement.

Optimization boosted most resources’ sustainability
scores from 4-6 to 7-9, while high performers showed slight
gains. Table 1 shows MOPSO [7] matches NSGA-II but
requires more power. PSO [8] is fast but lacks diversity.

Maintenance Cost Reduction After Optimization
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Fig. 6. Maintenance Cost Reduction After Optimization
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4. Conclusion

Framework optimizes distribution, improving usage and
reducing costs by 19.72%. Future research will incorporate
administrative data, spatial datasets, and multi-objective
algorithms like NSGA-II to optimize rural cultural resource
allocation. Hybrid metaheuristics and stakeholder model-
ing improve adaptability and solution diversity.
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Table 1. Comparison of optimization algorithms

Algorithm Type Solution Computational
Quality Efficiency

MOPSO [7] Swarm intelligence Comparable Higher per-
to NSGA-II  generation
in conver- cost than
gence NSGA-II in

some cases

PSO [8] Swarm intelligence Fast early High com-
conver- putational
gence but speed
weaker
diversity

Proposed scalarized GA  Single-objective GA via weighted multi-objective scalarization ~High Moderate
overall per- runtime (3-
formance 5 s per run
in utiliza- for 30 re-
tion, cost sourcesand
reduction, 200 gen-
and sus- erations);
tainability scalable

with O(N -

G- M)

Table 2. Comparative Performance Metrics of Allocation Methods

0.12
0.52

Method RMSE| MAE| |UtilizationT CostReduction? Sustainability Score 1
Random Allocation 0.182 0.145 4.12% 2.05%
Proportional Allocation ~ 0.121 0.098 8.45% 7.36%
Proposed GA 0.065 0.051 14.47% 19.72%

1.18
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