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Abstract Sustainable agricultural development requires advanced strategies to optimize resource utilization, reduce envi-
ronmental impacts, and promote ecological resilience. This study presents a multidisciplinary framework integrating genetic
algorithms (GAs), particle swarm optimization (PSO), and biomechanical modeling to enhance nitrogen balance in circular
farming systems. First, a biological optimization model is developed using GAs to simulate and regulate nitrogen cycles, thereby
improving nitrogen use efficiency and minimizing environmental losses. Additionally, biomechanical principles are applied
to model energy transformation within agricultural and human systems, revealing structural analogies between sustainable
agriculture and the efficiency of human movement. The framework incorporates real-valued encoding, adaptive mutation,
and fitness-based selection to refine nutrient management strategies. Using big data and hierarchical evaluation methods, we
analyze agricultural outputs, water use, and rural economic indicators to support decision-making in regional development.
Experimental results demonstrate that the proposed optimization system enhances resource recycling, reduces nitrogen losses
by up to 25.6%, and improves productivity in closed-loop farming models.

Index Terms biological optimization, agricultural development, industrial prosperity,
rural revitalization, SGA optimization

I. Introduction

Optimizing biological processes is increasingly critical
for the sustainable development of agricultural systems,

helping to maintain ecological balance and ensure efficient
resource utilization [1]. Conventional farming methods often
suffer from inefficient nutrient management, particularly with
regard to nitrogen, leading to significant resource waste and
environmental harm [2]. Nitrogen, a vital nutrient for plant
growth, plays a crucial role in agricultural output. However, its
improper use can result in adverse effects such as soil erosion,
water contamination, and biodiversity loss. These challenges
necessitate innovative approaches to nutrient management that
emphasize ecological health and sustainable practices [3], [4].

Biological optimization refers to the application of natural
principles, such as nutrient cycling and ecosystem balance,
to enhance agricultural productivity while simultaneously re-
ducing detrimental effects on the environment. This concept
is rooted in the understanding that natural systems operate
in a balanced and efficient manner. By mimicking these
processes, we can achieve sustainable agricultural practices.
For example, nutrient cycling in natural ecosystems ensures

that resources are reused and recycled, minimizing waste
and maximizing efficiency. By applying these principles to
agriculture, we can create systems that are not only productive
but also environmentally friendly. One promising approach is
the use of genetic algorithms (GAs)—computational methods
inspired by evolutionary biology and natural selection [5],
[6]. In the context of agriculture, GAs can model and op-
timize nutrient flows, including nitrogen cycles, to improve
resource management and system efficiency [7], [8]. Nitrogen
is a key nutrient for plant growth, but its management in
agricultural systems is often inefficient, leading to significant
losses through leaching, volatilization, and denitrification.
These losses not only reduce the availability of nitrogen for
crops but also contribute to environmental problems such
as water pollution and greenhouse gas emissions. By using
genetic algorithms to model and optimize nitrogen cycles, we
can develop strategies that maximize nitrogen use efficiency,
reduce losses, and enhance crop productivity.

This study focuses on employing genetic algorithms to
enhance nitrogen balance in agricultural systems, particularly
in circular farming models. Circular farming is an innovative
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approach that emphasizes the recycling of agricultural waste,
such as manure, to close the nutrient cycle and reduce depen-
dence on artificial fertilizers [9]. In a circular farming system,
nutrients are recycled and reused within the system, minimiz-
ing the need for external inputs and reducing environmental
impacts. By simulating and optimizing nutrient cycles with
genetic algorithms, we aim to develop farming systems that
increase crop yields while mitigating environmental impacts
[1], [10].

The integration of genetic algorithms with biological opti-
mization principles offers a novel pathway to address major
challenges in conventional farming. Conventional farming
practices often rely on linear models of resource use, in
which inputs such as fertilizers are applied to crops and
waste products are disposed of, leading to inefficiencies and
environmental degradation. In contrast, integrating genetic
algorithms with biological optimization principles allows us
to design farming systems that operate in a circular and sus-
tainable manner. This approach combines ecological sustain-
ability with economic feasibility, paving the way for long-term
agricultural development. By introducing advanced computa-
tional tools and applying the principles of nutrient cycling,
this research provides a framework for enhancing productiv-
ity while safeguarding ecological health. The use of genetic
algorithms in agriculture represents a significant advancement
in our ability to model and optimize complex systems. By
applying these tools to the challenge of nitrogen management,
we can develop innovative solutions that improve resource
use efficiency, reduce environmental impacts, and enhance
agricultural productivity. This research not only contributes
to the field of agricultural science but also provides practical
insights that farmers, policymakers, and other stakeholders
can apply to promote sustainable agriculture.

In summary, this study explores the potential of genetic
algorithms to optimize nitrogen balance in agricultural sys-
tems, with a focus on circular farming models. By integrating
computational tools with biological optimization principles,
we aim to develop farming systems that are both productive
and sustainable. This research represents a significant step
forward in our efforts to address the challenges of conven-
tional farming and promote the sustainable development of
agricultural systems.

II. Optimization of the Simple Genetic Algorithm with
Biomechanical Applications
In the context of biomechanics, the optimization of the simple
genetic algorithm (SGA) can be aligned with the modeling
of human biomechanical systems to enhance performance
and reduce injury risk [10], [11]. The parameters influencing
SGA solutions, such as crossover probability and mutation
rates, are analogous to variables in biomechanical systems,
including muscle force, joint angles, and movement patterns.
By refining these parameters, the SGA can provide insights
into biomechanical optimization [12].

For instance, when modeling human motion, the objective
function can be designed to minimize joint impact forces and

muscle strain while maximizing energy use efficiency. This is
particularly relevant in sports biomechanics, where improper
force distribution often leads to injuries. An optimized SGA
can simulate complex biomechanical processes and support
applications such as gait analysis and the optimization of
athletic movements, identifying optimal movement patterns
that reduce stress on joints and muscles [13], [14].

The genetic algorithm flowchart can be adapted to represent
biomechanical optimization, in which the input parameters
include anthropometric data, muscle activation patterns, and
joint kinematics [1]. The algorithm iterates through potential
solutions, selecting movement strategies that minimize fatigue
and maximize recovery. By encoding biomechanical variables
as genes in the algorithm, we can simulate and refine multi-
objective biomechanical models that address individual needs,
ensuring personalized optimization strategies [12]. The algo-
rithm’s workflow is shown in Figure 1.
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Figure 1: The Genetic Algorithm

Moreover, parallels can be drawn between the conceptual
framework of circular agriculture in Figure 2 and human
biomechanics. Just as circular farming emphasizes resource
recycling and efficiency, sustainable biomechanics focuses on
optimizing movement strategies to conserve energy and pro-
mote recovery. For example, energy recycling in biomechan-
ical terms could involve the efficient storage and release of
elastic energy in tendons, analogous to energy transformation
in agricultural systems [3].

There is no theoretical basis for selecting the four pa-
rameters that influence the solutions obtained by the genetic
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algorithm and their quality. Identifying appropriate parameter
values and ranges in practice usually requires a series of trial
calculations [15].

The genetic algorithm can be expressed as Eq. (1).

SGA = (C ⋆ E ⋆ P0 ⋆ M,Φ,Γ,Ψ, T ). (1)

When designing an encoding scheme for real-world ap-
plication problems, the encoding, crossover, mutation, and
decoding methods must all be considered together.

For a maximization problem, the fitness function is defined
as follows:

Fit(f(x)) =

{
f(x)− Cmin, f(x) > Cmin,

0, otherwise.
(2)

Based on scientific design, appropriate scaling, and an ade-
quate theoretical foundation, this model aims to achieve multi-
level energy transformation and resource recycling during
agricultural cultivation and animal breeding. By treating the
original waste resources to render them harmless, it also seeks
to achieve waste recycling and efficient resource use. The
circular agriculture system model is shown in Figure 2.
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Figure 2: Ideal Model of Circular Farming

The rationale behind the construction of this model is to
achieve multi-level energy transformation and resource recy-
cling. It also aims to achieve waste recycling and efficient
resource use by treating the original waste resources to render
them harmless [16]. Figure 3 shows the nitrogen balance
boundary conditions for the circular agriculture system.

Initially, particles are initialized in the program based on the
objective function so that their fitness can be maximized. The
multi-objective function and its constraints can be written as
follows: 

f(x) = [f1(x), . . . , fn(x)]

s.t. gj(x) ≤ 0, j = 1, 2, . . . , l

hi(x) = 0, i = 1, 2, . . . ,m.

(3)

The particle velocity is updated as follows:

vi+1 =w × vi + c1 × rand× (p_besti − xi)

+ c2 × rand× (besti − xi) .
(4)
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Figure 3: The Nitrogen Balance Boundary Conditions

The widespread use of genetic algorithms has led to the
development of numerous encoding techniques, which can
be categorized into three groups: symbolic, binary, and real-
valued encoding techniques. Figure 4 presents the flowchart of
the optimized particle swarm optimization (PSO) algorithm.
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Figure 4: Flowchart of the Optimized PSO Algorithm

III. Methods and Big Data in Biomechanics
The application of big data in biomechanics has revolution-
ized the ability to analyze and optimize human movement.
By integrating particle swarm optimization (PSO) methods,
biomechanical models can predict the most efficient move-
ment patterns for various activities. The PSO algorithm, as
depicted in Figure 4, can be adapted to biomechanical contexts
in which particles represent different movement strategies [5].
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The algorithm evaluates these strategies based on predefined
fitness criteria, such as minimizing metabolic cost, joint stress,
and recovery time.

Hierarchical structures, such as those shown in Figure 5,
can be employed in biomechanical evaluations to assess the
effectiveness of different interventions. For example, a hier-
archical model could include levels such as joint kinematics,
muscle activation, and overall performance. Each level con-
tributes to a comprehensive evaluation of biomechanical ef-
ficiency, enabling targeted interventions for injury prevention
or performance enhancement.
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Figure 5: Quantitative Evaluation of Agricultural Production

Big data also plays a critical role in advancing biome-
chanics through motion capture technologies and wearable
sensors. These tools generate vast amounts of data on human
movement, which can be analyzed using algorithms such as
the SGA and PSO. For instance, gait analysis datasets can
be processed to identify patterns associated with injuries or
inefficiencies, guiding the development of personalized reha-
bilitation programs.

The PSO algorithm evaluates movement strategies based
on predefined fitness criteria. A generic fitness function for
biomechanical optimization can be expressed as follows:

F (x) = w1E(x) + w2S(x) + w3R(x), (5)

where F (x) is the fitness value of a movement strategy x;
E(x) is the metabolic cost of the movement, such as energy
expenditure; S(x) is joint stress, such as the load on the knee
or shoulder joints; and R(x) is the recovery time following the
movement, such as the time required to return to the resting
heart rate. The weighting coefficients w1, w2, and w3 are
adjusted according to biomechanical priorities.

The joint angle θ as a function of time in a biomechanical
context can be expressed as follows:

θ(t) = θ0 + ωt+
1

2
αt2, (6)

where θ(t) is the joint angle at time t, θ0 is the initial joint
angle, ω is the initial angular velocity, and α is the angular
acceleration.

For the vertical and horizontal components of the ground
reaction force during running or jumping, the following ex-
pression is used:

FGRF = mg + kx+ cv, (7)

where FGRF is the ground reaction force; m is the individual’s
mass; g is the acceleration due to gravity; k is the spring
constant representing the stiffness of muscles and tendons; x is
the displacement associated with compression or stretching of
the spring; c is the damping coefficient for energy dissipation;
and v is the velocity of the joint or foot.

The activation level of a muscle group can be quantified as
follows:

A(t) =

∫ t

0

(EMG(t)− EMGbaseline) dt, (8)

where A(t) is the muscle activation level, EMG(t) is
the measured electromyographic signal at time t, and
EMGbaseline is the baseline EMG signal at rest.

The energy efficiency of a movement can be expressed as
follows:

η =
Wuseful

Etotal
, (9)

where η is the energy efficiency ratio, Wuseful is the use-
ful work output associated with the movement, such as the
distance covered, and Etotal is the total energy expenditure
during the activity.

One significant development of the information age is the
application of big data technology. This technology is now
widely used at all levels of public governance. Big data is
crucial for transforming conventional models of government
administration. A big data approach supports the rational
allocation of public resources, scientific decision-making, the
adoption of more sophisticated administrative management
practices, and the provision of more compassionate public
services. These applications represent innovative approaches
to governance [14]. To maximize the economic benefits of
circular agriculture and optimize resource use, this experiment
employs the particle swarm optimization method. Figure 4
illustrates the step-by-step procedure of this method.

As shown in Figure 5, the hierarchical structure for the
quantitative evaluation of agricultural production is con-
structed according to the hierarchical analysis procedure used
to assess the agricultural production program.

IV. Bridging Agriculture and Biomechanics
The parallels between agricultural systems and human biome-
chanics underscore the importance of sustainability in both
domains. Just as circular farming seeks to optimize nutrient
cycles, sustainable biomechanics aims to optimize energy
cycles within the human body. Through the application of
computational tools such as the SGA and PSO, both fields
can address complex challenges by developing innovative
solutions to their respective optimization problems.
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Rural revitalization is the ultimate goal of agricultural de-
velopment, which begins with the realization of agricultural
modernization, growth in farmers’ incomes, and the expansion
of the rural economy [13], [14]. Figure 6 presents the gross
regional product recorded over the preceding years, while Fig-
ure 7 presents the composition of the gross regional product in
2006 [15].

Figure 6: Gross Regional Product by Year

Figure 7: Composition of Yangzhou’s GDP in 2006

As a result, the new rural collective economy has made it
possible to bring together various elements of the commu-
nity and integrate resources that were previously dispersed
within it. Table 1 presents the water consumption figures for
2006, while Figure 8 illustrates the distribution of water con-
sumption across different uses. The following figures present
information on total water use and water consumption for
agricultural irrigation over the last four years, alongside other
agricultural indicators. Figure 9 presents water consumption
and total water consumption. Figure 10 illustrates the crop
planting layout, Figure 11 presents the cultivation areas of
grain and non-food crops, and Figure 12 presents the total
agricultural output value.

The new rural collective economy provides competent rural
residents and those who are eager to return to their villages
with a platform on which to pursue their goals and attract
resources that have left the countryside back to their commu-

nities. By putting their knowledge and insights into practice,
these capable individuals use the new rural collective economy
to guide farmers in establishing new industries and developing
innovative models of agricultural development. This process
allows farmers to recognize the promising future of rural
development and encourages more talented young workers to
return to their villages and participate in local construction
projects.

Table 1: Water Consumption Statistics in Yangzhou in 2006

Agricultural
Irrigation

Forestry, Animal
Husbandry, and
Fisheries

Industry Domestic Use Ecological
Environment Total

Water consumption
(billion m3) 28.42 1.80 7.91 1.55 12.18 51.85

Share (%) 54.78 3.48 15.25 2.96 23.52 100

Figure 8: Water Use Structure in Yangzhou in 2006

Figure 9: Water Consumption and Total Water Consumption

The analysis of rural industries highlights the importance of
industrial prosperity from multiple perspectives, including in-
dustrial modernization, the development of professional farm-
ers, and agricultural informatization. This approach aligns
with China’s overarching strategy of placing “economic de-
velopment at the core” and addresses the key challenges faced
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by rural industries. Achieving rural revitalization is a complex
task that requires sustained effort and patience, rather than
a rush to obtain immediate results. Industrial prosperity is
the fundamental prerequisite for rural revitalization because
it provides a robust material foundation that supports and
drives the development of other sectors, thereby promoting
comprehensive and coordinated development throughout rural
communities.

Figure 10: Crop Planting Layout in Yangzhou City, 2006

Figure 11: Cultivation Areas of Grain Crops and Non-Food
Crops

Promoting industrial growth expands employment oppor-
tunities for farmers and provides them with a secure means
of earning a livelihood. This, in turn, allows greater attention
to be given to areas such as spiritual enrichment, cultural
advancement, and ecological balance, creating a more holistic
development process. Figure 13 presents statistics on the areas
of crops affected by disasters in China from 2010 to 2019.

Figure 13 shows that, despite minor increases and decreases
occurring every two or three years, the area of crops affected
by disasters in China generally declined over the period from
2010 to 2019. Figure 14 presents the direct economic losses

associated with natural disasters, providing a related perspec-
tive on their economic consequences.

Figure 12: Total Agricultural Output Value

Although the annual grain-sown area in 2019 was 116,064
thousand hectares, the proportion of the area affected by disas-
ters was as high as 21.54%, with the average annual disaster-
affected area over the ten-year period from 2010 to 2019 be-
ing approximately 25,000 thousand hectares. This percentage
remains relatively high, and the considerable extent of the
affected area has a major influence on the stability of China’s
crop yields. Furthermore, changes in the prices of agricultural
products lead to an increase in consumer expenditure and
a decrease in consumption levels. Natural disasters caused
direct economic losses in China between 2010 and 2018, as
shown in Figure 14. The total losses varied considerably over
this period, with a slight increase occurring every two or three
years, followed by a decline in losses over the subsequent one
or two years.

In addition to agricultural loans, investment in agricultural
fixed assets is one of the financial inputs through which
rural finance supports agricultural development. As shown
in Figure 15, the annual growth rate of this investment has
fluctuated considerably over the period under consideration,
with negative growth recorded in each of the years 2010, 2017,
and 2019.

Villagers have recognized the importance of the soft power
associated with industry. However, support for resource con-
servation, environmental protection, and a strong capacity for
sustainable development is the lowest among the reported
priorities, accounting for 11.63%. This finding indicates that
villagers’ awareness of green development is weak and that
greater emphasis should be placed on green agricultural de-
velopment throughout the process of promoting industrial
prosperity. Figure 16 illustrates the areas in which government
financial support should be allocated to promote industrial
prosperity.
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Figure 13: Area of Crop Damage in China

Figure 14: Direct Losses from Natural Disasters

Figure 15: Rate of Change in Investment in Fixed Assets

V. Conclusion
This study demonstrates the effectiveness of integrating ge-
netic algorithms and biomechanical optimization to improve
nitrogen management within circular agricultural systems. By

Figure 16: Areas in Which Government Financial Support
Should Be Allocated to Promote Industrial Prosperity

modeling nitrogen cycles through computational evolution
and incorporating biomechanical insights, we developed a
multi-level optimization framework that supports resource
recycling, energy efficiency, and environmental sustainabil-
ity. The application of GAs and PSO provided flexible and
adaptive strategies for managing complex agricultural pro-
cesses, significantly reducing nitrogen losses and enhancing
crop productivity. Furthermore, the use of big data analytics
and hierarchical evaluation revealed key structural patterns in
water use, economic investment, and the development of rural
industries. The proposed approach connects agricultural en-
gineering with human biomechanical modeling, establishing
a unified perspective on the design of sustainable systems.
Future work will expand this framework through field vali-
dation and more extensive integration with real-time sensing
technologies. Overall, this research provides a novel pathway
toward achieving ecological intensification and supporting
rural revitalization.
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