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Abstract. The coordinated development of agricultural economy and ecological protection is essential for
achieving sustainable agriculture, as the resulting ecological benefits have significant implications for both
environmental security and economic stability. However, existing ecological benefit evaluation models often
suffer from limited indicator coverage and insufficient intelligence in weight assignment, making it difficult
to capture the coupled relationship between ecological and economic dimensions. To address these issues,
this study proposes a comprehensive evaluation model based on fuzzy logic and a particle swarm optimized
backpropagation neural network (PSO-FBP). A multi-level indicator system integrating ecological and eco-
nomic value is constructed, and fuzzy logic is introduced to manage uncertainty, while PSO enables adaptive
weight optimization. The proposed model demonstrates strong learning capability and robustness, enabling
a comprehensive quantification of agricultural ecosystem services. A case study of a province shows that
waste treatment, agricultural production, and soil conservation are the main contributors to ecological value,
confirming the model's effectiveness in real-world agricultural contexts. This research provides a scientific and
practical tool for ecological benefit assessment, offering valuable support for decision-making in sustainable

agricultural policy.
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1. Introduction

Agriculture is the economic lifeline of a country, and its
stable and sustainable development is significant for main-
taining social stability and promoting steady progress of
the country (Katumo et al., 2022; Akter, 2024). Agriculture
and ecological environment are a complex coupled sys-
tem, and their coordinated development involves various
natural resources, socio-economic and technological con-
ditions. Various conditions can work together to form an
ecological and economic synergy, generating ecological
and economic benefits (Wuest et al., 2021; Hasheminezhad
et al.,, 2021). Ecological benefit assessment mainly involves
quantitative analysis and comprehensive evaluation to re-
veal the specific impact paths of agricultural activities on
the ecosystem. Evaluating the ecological benefits gener-

ated by the coordinated development of agricultural econ-
omy and ecological protection (CDAEEP) helps to scientifi-
cally understand the ecological impacts in the process of
agricultural development and formulate appropriate poli-
cies (Ayyildiz & Taskin Gumus, 2021).

In recent years, scholars have explored various ap-
proaches to ecological benefit evaluation models. Akbar
et al. (2021) employed the SBM-undesirable model com-
bined with a carbon transfer network to assess agricultural
ecological performance across Chinese provinces, provid-
ing valuable data support for policy formulation. Czyzewski
et al. (2021) used regional farm accounting data to evalu-
ate the impact of the EU's Common Agricultural Policy on
ecological efficiency, identifying key sustainability factors.
Naseem and Tong (2021) applied panel fixed-effect regres-
sion and the two-step system GMM method to examine
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the relationship among renewable energy consumption,
agricultural development, and carbon emissions, offer-
ing a quantitative basis for policy decisions. Gashaw et al.
(2021) developed a watershed assessment tool based on
soil erosion evaluation to measure agricultural ecological
efficiency.

Meanwhile, fuzzy logic and its extensions have been
widely applied to complex system evaluations across dif-
ferent fields. Soner et al. (2022) proposed a fuzzy anal-
ysis-based method to assess environmental risks in ship
dismantling processes, contributing to pollution control
efforts. Omair et al. (2021) integrated AHP and fuzzy in-
ference systems to rank manufacturing suppliers based
on sustainability indices. Kilic et al. (2022) combined fuzzy
AHP and GIS to evaluate the suitability of agricultural land
use, effectively mitigating environmental impacts. Mishra
et al. (2022) developed a sustainable low-carbon tourism
decision-making model based on interval-valued intuition-
istic fuzzy logic, enhancing the accuracy of weight calcula-
tion and overall decision efficiency.

However, although existing evaluation methods have
achieved certain results in the analysis of agricultural eco-
logical benefits, there are still limitations such as excessive
reliance on data, insufficient consideration of factors, and
lack of intelligence in evaluation methods. At present, the
rapid development of artificial intelligence provides solu-
tions to the above-mentioned problems. Fuzzy logic allows
variables to take fuzzy values to handle uncertainty and
fuzziness. It is suitable for dealing with nonlinear, multivar-
iate, and highly uncertain systems, and researchers from
different fields have also discussed this.

In summary, both ecological benefit evaluation models
and fuzzy logic have achieved fruitful research results in
their respective fields, but there is no relevant work that
combines the two to measure the CDAEEP. Therefore, to
further improve the comprehensiveness and intelligence
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of the ecological benefit evaluation model, a fuzzy logic-
based ecological benefit evaluation model was proposed.
A Particle Swarm Optimization-Fuzzy Back Propagation
Neural Network Model (PSO-FBP) based on fuzzy logic
and intelligent algorithms was developed to determine the
weights of fuzzy subjective factors. The research aims to
effectively measure the ecological benefits of coordinated
development between agricultural economy and ecologi-
cal protection through the proposed methods, providing
reference value for formulating relevant policies and pro-
moting sustainable development of agriculture.
Compared with existing published machine learning
models, the proposed PSO-FBP model combines fuzzy in-
ference mechanisms with a neural network structure and
applies particle swarm optimization to jointly optimize
weights and parameters. This design improves both the
prediction accuracy and generalization performance of the
model, while also enhancing its ability to handle fuzzy un-
certainty in complex ecological systems, which is often not
addressed by traditional black-box approaches.

2. Methods and materials

This section first constructs ecological benefit evaluation
indicators for the CDAEEP, and provides relevant math-
ematical function relationships. Afterwards, fuzzy logic and
intelligent algorithms are introduced to optimize the pro-
posed evaluation model.

2.1. Construction of ecological benefit
evaluation model for CDAEEP

The measurement of ecological benefits generated by the
CDAEEP mainly includes two aspects, namely the measure-
ment of economic valuation of coordinated development
and the environmental impact brought by coordinated de-
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Figure 1. Ecological benefit evaluation indicator system for CDAEEP
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velopment. The CDAEEP has both ecological and economic
value. In the evaluation of ecological benefits in agricultur-
al production systems, the above two parts should also be
included (Groumpos, 2023). However, existing measure-
ment methods have not fully considered the two values, so
there is a certain deviation in the measurement results (Liu
et al, 2023). Therefore, the study comprehensively con-
siders two aspects of evaluation and measures economic
valuation through system dynamics methods to analyze
the relationship between various factors. Subsequently, the
environmental impact is measured using the life cycle as-
sessment method. By comprehensively evaluating both, it
is possible to simultaneously consider the economic and
ecological factors of agricultural production systems, and
to more comprehensively study and analyze the ecological
benefits of their coordinated development (Turunen et al.,
2021). Establishing an assessment indicator system is the
prerequisite and core for studying and evaluating the eco-
logical benefits of coordinated development between ag-
ricultural economy and ecological protection. The research
is based on the theory of sustainable development, with
agricultural ecology, resource optimization allocation, and
circular economy as the foundation. Based on the com-
bination of science and practice, system and comprehen-
siveness, stability and dynamics, a set of evaluation indica-
tors system is constructed, as shown in Figure 1.

In Figure 1, the indicator system evaluates the eco-
logical and economic benefits of agricultural production
systems, including six primary indicators: carbon fixation
(CF) and oxygen release (OR), agricultural product produc-
tion, waste disposal, water conservation, soil conservation,
and maintenance of biodiversity. Each primary indicator
can be divided into multiple secondary indicators and their
influencing factors, such as crop biomass, economic costs,
and environmental parameters, to comprehensively reflect
the ecological services and economic value of agricultural
production systems. Among them, the agricultural product
production service function is shown in Equation (1).

{EVAP = CASxCY xCUP 0

APiomass = €Y' x (1 N MC)X EF
In Equation (1), EV,, represents the economic valua-
tion of agricultural product production services; AP,
represents the biomass of the agricultural product produc-
tion ecosystem; CAS represents the sowing area of crops;
CY represents the yield of crops; CUP represents the unit
price of crops; MC represents moisture content; EF rep-
resents economic factor. The mathematical expression for
water conservation services is shown in Equation (2).

EViyc = (1-RC)xrainfall x RCC

' @)
chiomass = (1 - RC) x rainfall

In Equation (2), EV|,,~ represents the economic valua-
tion of water conservation services; WC,, . represents
the biomass of the water source conservation service sys-
tem; RC represents the runoff coefficient; RCC represents
the construction cost of the reservoir. The mathematical

expression for CF and OR services is shown in Equation (3).

{EVCMR = NPP x CSF x PCCF x CSC + NPP x OPF x OPC

(Cs +OR) = NPP x CSF x PCCF + NPP x OPF
biomass (3)

In Equation (3), EV¢,or represents the economic value
of CF and OR services; (CS+OR)biomasS represents the to-

tal amount of organic matter in the CF and OR ecosystem;
CS refers to carbon sequestration; OR refers to OR; NPP
is the total amount of organic matter produced by plants
through photosynthesis minus the portion consumed by
plant respiration; CSF represents carbon sequestration ca-
pacity; PCCF represents the coefficient that converts fixed
carbon into economic value; CSC is the economic input
required for carbon sequestration measures; OPF is the
coefficient of OR capacity; OPC represents the economic
cost of producing oxygen. The functional relationship of
soil conservation services is shown in Equation (4).

SC
EVie = Qscor X Oners X Por + [SC ]x SELxCgy,. 4)

a

In Equation (4), EV,- represents the economic valua-
tion of soil conservation; Q- represents the quantity of
farmland soil; Qys represents the quality of the soil; Py,
represents the price of organic fertilizer; SC, represents
the bearing capacity of the soil; SC represents soil con-
servation; SEL represents sediment erosion loss; EVi, op
represents the cost of reservoir engineering. The function
expression for waste disposal is shown in Equation (5).

1
EVyp = ECY><EYNrpu x[chmijOF. (5)

In Equation (5), EV|,, represents the economic valu-
ation of waste treatment; EF represents economic factor;
WD represents waste disposal; ECY represents the yield
of economic crops; EYNrpu represents the amount of nitro-
gen obtained per unit economic output; Ncfm represents
the nitrogen content of farmyard manure. The functional
relationship for maintaining biodiversity is shown in Equa-
tion (6).

CIAE
EVigy = {PEP }x BMypys- (6)

In Equation (6), EVj,, represents the economic valua-
tion for maintaining biodiversity; BM stands for maintain-
ing biodiversity ecosystem services; CIAE ., and CNpgp
respectively represent the potential economic output of
the region and the country; BM, s represents the biodi-
versity value of national cultivated land. After constructing
the economic valuation measurement function, the study
continues to construct the second part of the ecologi-
cal benefit assessment model, which is the environmen-
tal impact measurement function based on the life cycle
(Caymaz et al., 2022). When conducting environmental
impact measurement, determining the type of environ-
mental impact is a key step in environmental analysis of
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Figure 2. Environmental influence categories of agricultural production systems

agricultural production systems. The study selected indica-
tors as shown in Figure 2 for measurement.

The life cycle method quantifies environmental impacts
through the equivalent factor method, which sets a certain
ecological impact factor as the baseline value (impact po-
tential value is 1), converts other impact factors through
the baseline value, and obtains the relative impact poten-
tial values of various ecological impact factors through
relative comparison. The calculation formula for various
environmental impact potentials is shown in Equation (7).

of the Class s impact factor on the Class [ environmental
impact (Duleba et al,, 2021). Therefore, the system flow
diagram of the CDAEEP is denoted in Figure 3. Where, the
agricultural production system only provides six ecosystem
services, and the total economic valuation is obtained by
adding up the economic valuations of the six services.

2.2. Optimization of ecological benefit
evaluation model based on improved fuzzy
logic

EP() = ) EP(), = D[ Q) < EF(D) ] (7)

In the evaluation of ecological benefits, the distribution of
weights is often influenced by subjective factors, and the

In Equation (7), EP(l) represents the potential value
of Class [ environmental impact; EP(I . represents the
potential impact value of the Class s factor on the Class
[ environment; Q(I ) refers to the emissions of ecological
impact factors in the Class [ environment and the Class s
environment; EF([)S represents the equivalent coefficient

agricultural ecosystem itself has fuzziness and uncertainty
(Azareh et al., 2021; Zhou et al,, 2022). To this end, this
study introduces fuzzy logic to quantitatively model un-
certain information, enhancing the model’s adaptability to
complex ecological features. Meanwhile, to overcome the
problem that the BP neural network is prone to fall into
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Figure 3. System flow diagram of the CDAEEP
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Figure 4. Implementation process of PSO-FBP model

local optimum, the PSO algorithm is adopted for global
search optimization of weights and thresholds. PSO has
few parameters and converges quickly, making it suitable
for handling nonlinear complex systems (Afrasiabi et al.,
2022). Therefore, it has good application compatibility
when combined with fuzzy reasoning. Finally, the PSO-FBP
model was constructed. The core idea of this model is to
fully utilize the self-learning ability of BP while process-
ing fuzzy information. The implementation process of the
overall model is shown in Figure 4.

As shown in Figure 4, the model first transforms the
original ecological evaluation indicators (such as soil con-
servation, water conservation, and biodiversity) into fuzzy
sets using membership functions, based on expert surveys
and empirical data, to handle the heterogeneity and un-
certainty of multi-source information. Then, a fuzzy infer-
ence mechanism is constructed based on a three-layer BP
neural network structure, where training samples are used
to automatically generate fuzzy rules and realize nonlinear
mapping between inputs and outputs. The PSO algorithm
is further employed to globally optimize the connection
weights and thresholds of the BP network, overcoming
the traditional BP network’s shortcomings of slow conver-
gence and susceptibility to local optima. On the optimized
fuzzy neural network, a fuzzy comprehensive evaluation is
performed, and the final ecological benefit grade or score
is obtained using the principle of maximum membership.
Finally, the model can automatically learn the implicit im-
portance of each indicator from training data, thereby
eliminating subjective weight assignment and enabling
dynamic adaptation.

Compared with traditional methods, the PSO-FBP
model demonstrates significant advantages in weight
determination, nonlinear modeling, and adaptability. The
model automatically learns feature weights from historical
data via neural networks, avoiding the instability caused
by subjective weighting; it also captures complex nonlin-
ear relationships among indicators through its multilayer
structure, making it more suitable for the highly interactive
variables in agricultural ecosystems. In addition, the glob-
al optimization capability of the PSO algorithm enhances
the model’s generalization performance across different
regions and time scales. Overall, PSO-FBP enables more
effective integration of multi-source heterogeneous data

and improves the accuracy and adaptability of ecological
benefit evaluation.

Before conducting fuzzy comprehensive evaluation,
due to the significant differences in the measurement val-
ues of the original index, with different units and dimen-
sions, it is impossible to use the initial values for pattern
calculation and final evaluation analysis (Kayacik et al.,
2022). In view of this, the study first uses the maximum
deviation normalization method to normalize the initial
values of each indicator, to avoid the impact of collabora-
tive evaluation. The function expression is shown in Equa-
tion (8).

v Ylj—min(Ylj)

max(Yij) —min(Yij) -
N max(Ylj)—Yij '

max(Yg)—min(Yy)

In Equation (8), M represents the standardized posi-
tive indicator; N represents the standardized negative
indicator; Yij means the indicator value of the j th item
under system i; max(Ylj),min(Y[j) represent the max and

mini values of evaluation indicators over a period of time.
The larger the M value, the greater the beneficial impact;
The smaller the N value, the greater the beneficial impact.
It assumes that the set of evaluation factors for the fuzzy
comprehensive assessment method is as shown in Equa-
tion (9).

U={uuy,..up,}. )

In Equation (9), n means the amount of influencing
factors in the criterion layer; u; means the assessment
factors of the ith layer. The constructed assessment level
domain is shown in Equation (10).

V={vvymaV,y ). (10)

In Equation (10), v; represents the level that can be
used for evaluation. In the construction of the fuzzy in-
ference system, triangular membership functions were
adopted due to their computational simplicity and inter-
pretability. Parameters of each function were determined



using the minimum, maximum, and median values of each
indicator, ensuring sufficient coverage and discrimination.
Fuzzy rules were automatically derived from training data
using a data-driven approach, integrating sample classi-
fication labels and neural network weights to form "IF-
THEN" rule structures. To improve inference efficiency and
semantic consistency, a rule pruning mechanism was ap-
plied, removing rules with support below 5% or output
ambiguity greater than 0.7.

Based on the five-point Likert scale, this study clas-
sifies the impact levels of evaluation indicators into five
categories: “very low impact,” “low impact,” "moderate
impact,” "high impact,” and “very high impact.” These cat-
egories correspond to a gradual progression from neg-
ligible ecological benefits (e.g., poor ecological service
performance and low resource utilization efficiency), to
moderate improvements (e.g., enhanced functions such
as soil conservation and water retention), and finally to
strong ecological performance with significant positive
environmental impact. The numerical thresholds between
adjacent levels are set at 40, 60, 80, and 90, respectively,
enabling the fuzzy evaluation results to be quantified and
categorized accordingly (Jafarzadeh et al., 2023). Subse-
quently, the weights of each evaluation indicator in the
criterion layer are determined and a single factor evalu-
ation is implemented. Subsequently, a fuzzy relationship
matrix is established to quantify the evaluated transaction
from each factor, as shown in Equation (11).

1Mo -~ hp
hy e ... I _

R=| 212 720 =0y /n. (11)
It T2 = Tpn

In Equation (11), i represents the level of member-
ship of the ith assessment factor to the j th assessment
level. The total weight of each secondary indicator is the
product of the weight of the criterion layer indicator and
the corresponding secondary indicator in that criterion
layer. The fuzzy operator is (-,@), and this process is

shown in Equation (12).

1 M2 - Ay
B=A(~®)R=(ay.a;)(+®) ?1 rf?- -.-.-.rzs,, ()
o1 Tp2 = Ton

In Equation (12), (01,~-~,03) means the weight of the
evaluation indicators in the criterion layer; R is a fuzzy
relationship matrix. Finally, it ranks the assessment indices
based on the principle of maximum membership degree.
In the BP algorithm based on PSO optimization, PSO main-
ly replaces the gradient descent method of BP through
iteration to achieve the optimization process. The position
and velocity of the initialized particles are represented by
Equation (13).

Xi(O) _ Xlg'nit . (0) _ Vl{nit . (1 3)
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In Equation (13), x; (O) and v, (O) represent the ini-
tial position vector and initial velocity vector of the ith
particle, respectively. The updated velocity and position
vectors are shown in Equation (14).

vt +1) = ov,(t)+cn (pbestl- - xl.(t)) +Gohy (gbest - X; (t))
X (t+1) = x,()+v,(t+1) (14)

In Equation (14), x[(t) and vi(t) respectively repre-
sent the position vector and velocity vector of the ith
particle at the t th iteration; ® represents inertia weight;
¢; and ¢, mean learning factors; r; and r, mean a ran-
dom number with a value of [O,ﬂ; pbest; means the in-
dividual extreme position of the i th particle; gbest means
the global optimal position. The fitness of the algorithm is
shown in Equation (15).

1

Fitness(xi) = m
L

(15)

In Equation (15), Fitness(xi) represents the fitness
value of the location x; of the ith particle; E(xi) rep-
resents the training error of BP at position x;. Based on
the quantitative analysis results of fuzzy neural networks
and the principle of maximum membership degree, the
specific impact of each factor on the ecological bene-
fits of CDAEEP can be directly obtained. Therefore, the
ecological benefit evaluation model for the CDAEEP is
shown in Figure 5. In the figure, the study clarifies the
system boundaries and analyzes the key impact factors
of the ecological benefits of agricultural production sys-
tems. A dynamic model of ecological benefits system
was established through system feedback structure and
key variable definition, including ecosystem service bio-
mass, economic valuation, etc.
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Figure 5. Ecological benefit evaluation model for CDAEEP
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3. Results

Taking actual data from a certain province as an example,
this section first verified the self-learning performance of
the proposed PSO-FBP. Subsequently, based on the pro-
posed ecological benefit evaluation model, an actual ap-
plication effect analysis was conducted on the ecological
benefits of CDAEEP in the province.

3.1. Performance analysis of ecological
benefit evaluation model

This study takes Henan Province, China, as the empirical
region, selecting its 18 prefecture-level cities as spatial
sampling units. The area encompasses diverse agricultural
ecological landscapes, including plains, hills, and the Yel-
low River basin, ensuring strong regional representative-
ness. The dataset covers the years 2015 to 2022, sourced
from Henan's statistical yearbooks, reports from the De-
partment of Agriculture and Rural Affairs, and ecologi-
cal environment monitoring data. Key ecological service
variables include crop production, waste treatment, water
conservation, and soil retention, with an annual sampling
frequency. To ensure spatial representativeness and en-
hance the model’s generalizability, a spatially stratified
sampling strategy was adopted. Specifically, the prov-
ince was divided into 18 strata based on administrative
boundaries, and within each city, 80% of the samples
were assigned to the training set and 20% to the test set
in chronological order. This approach ensured balanced
spatial distribution between the training and test sets
and reduced regional bias. For areas with insufficient
data, a neighboring-region merging strategy was applied
to maintain the validity of stratification. The evaluation
level domain was divided into 5 levels, from minimal im-
pact to significant impact. The experimental computing
platform was MATLAB 2023b, and the hardware envi-
ronment was Inteli7 processor, 16GB RAM, and NVIDI-
AGTX1660 graphics card. The specific parameter settings
for the experiment are denoted in Table 1.

Mean fitness
—eo— Optimum fitness

100 150
Number of iterations

Table 1. Specific parameter settings for the experiment

Parameter Value
Fuzzy neural network layers 3
Particle swarm optimization particle count |30
Maximum number of iterations 100
Learning factors c1 and c2 1.5
Inertia weight w 0.9
Number of evaluation levels 5
Computing platform MATLAB2023b
Hardware environment Inteli7, 16GBRAM,
NVIDIAGTX1660

The parameter Settings in Table 1 are based on theo-
retical and experimental verification. Selecting the number
of layers of the fuzzy neural network as 3 can effectively
capture nonlinear relationships while avoiding excessive
complexity. In the PSO parameters, the number of particles
is 30, which strikes a balance between computational ef-
ficiency and optimization effect. The maximum number of
iterations is 100, and the optimal solution can be found
within a reasonable time. The inertia weight of 0.9 and
the learning factor of 1.5 respectively ensure the balance
between global and local search, avoiding local optimal
solutions.

Figure 6 shows the trend of the population fitness curve
of PSO-FBP during the increase of iteration. In the figure,
both the optimal fitness and the mean fitness showed a
gradually decreasing trend, indicating that the population
gradually approached the optimal solution through mul-
tiple generations of evolution. In the initial stage, the fitness
sharply decreased, followed by fluctuations within a smaller
range, reflecting the fast convergence and stability of the
model. As a result, PSO-FBP experienced strong local search
ability and good global search performance in searching for
the optimal solution, and ultimately tended to stabilize. It
has good convergence performance and stable search ability.

To verify the superiority of PSO-FBP’s self-learning
ability, the study compared PSO-FBP with traditional BP,

Mean fitness
—e— Optimum fitness

o

o

X
T

50 100 150 200
Number of iterations

Figure 6. Population fitness curve: a) Fitness curve of training set; b) Fitness curve of test set



a)

10 1
T34 BP E=1 GA-BP  [CT1PSO-FBP
[ PSO-BPEEE PSO-GA
0.9 1

0.8
0.74 7

0.6

S5

Value (%)

S5

0.5

-;--;---I
SN
RRERRRRRRRRRRN

22

]

0.4

T T
Precision Recall F-measure

B

b)

H. Zhang. A PSO-optimized fuzzy neural model for evaluating the coordinated development of agricultural economy and ecological...

107 =3 BP &= GABP [CIIPSO-FBP
OO PSO-BPEEE PSO-GA -
0.9 —
0.8
S
201 [ [
S
0.67
0.57
0.4 T T
Precision Recall

Figure 7. Self-learning results of 5 models on training and testing sets: a) Training set; b) Test set

PSO-BP, GA-BP, and PSO-GA in multiple criteria such as
Precision, Recall, and F-measure. Figure 7 showcases the
self-learning results of five models on the training and
testing sets. In Figure 7a, the three criteria values of PSO-
FBP fluctuated around 0.90, all of which were superior to
BP, PSO-BP, GA-BP, and PSO-GA. In Figure 7b, the three
criteria values of PSO-FBP also fluctuated around 0.90, all
better than BP, PSO-BP, GA-BP, and PSO-GA. Therefore,
PSO-FBP has stronger stability and higher indicator values.

Figure 8 shows the comprehensive evaluation com-
parison results of five models. In Figure 8a, the actual
and simulated values of PSO-FBP were closer to the trend
line, indicating that the difference between the two was
smaller and more effective. Observing the other four mod-
els, there was a significant deviation from the trend line
between their simulated and actual values, with a more
discrete distribution, indicating that these four models did
not fit well. In Figure 8b, the MAE and RMSE values of
PSO-FBP were 0.189 and 0.256, respectively, which were
smaller than the other four models, verifying its superior
self-learning ability and applicability for benefit evaluation.
In addition, traditional BP models had the highest MAE
and RMSE values, but their performance was the worst.
The main reason was that PSO-FBP improved the short-
comings of traditional models that were prone to falling
into local extremes and overfitting data through PSO, and
the fuzzy logic in it enabled the model to have adaptive
and self-learning capabilities, which can be applied to the
ecological benefit evaluation of CDAEEP.

3.2. Analysis of the practical application effect
of ecological benefit evaluation model

Ecological benefit analysis evaluates the ecosystem bio-
mass, economic value, and environmental impact of ag-
ricultural production systems. The simulation shown in
Figure 9 showed that the total economic valuation of ag-
ricultural ecosystem services in the province was 4.43335
trillion yuan, with waste treatment contributing the most,
accounting for 75.58%; Agricultural product production
came second, accounting for 14.11%. Soil conservation
accounted for 10.19%. CF and OR accounted for 2.31%.
Water conservation and maintaining biodiversity services
were relatively low. In addition, comparing the simulation
outcomes, there were regional differences in the econom-
ic valuation of coordinated development in the province.
Mainly due to the uneven natural conditions and econom-
ic development in various regions of the province, as well
as the different selection of valuation parameters for agri-
cultural ecological services, the results varied. In summary,
the model proposed by the research can effectively meas-
ure the ecological benefits of coordinated development.
Table 2 showcases the weighted outcomes of envi-
ronmental impact factors for coordinated development.
The data in the table showed that the Aquatic Ecotoxic-
ity Potential (AEP) had the highest score of 3.0589E+16,
followed by the Eutrophicati Potential (EP) with a score
of 1.68067E+16. The lowest scores for Energy Deple-
tion (ED) and Water Depletion (WD) were 7321.311 and
2079258.501, respectively. Usually, agricultural production
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Figure 8. Comprehensive evaluation comparison results of five models: a) Data fitting results; b) MAE and RMSE values for

5 models
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systems provide more ecosystem services, which helps to
enhance ecological stability and improve environmental
quality. However, as can be seen from the results in the
graph, the ecosystem services provided by the agricultural
production system have not been effectively transformed
into positive impacts on the environment. This indicates
that the economic benefits of agricultural production sys-
tems often come at the cost of sacrificing the ecological
environment.

Figure 10 shows the results of indicator correla-
tion analysis. In Figure 10a, there was a strong negative

correlation between AEP and the economic valuation of
aquatic conservation, with a correlation coefficient of 0.87.
In Figure 10b, there was also a strong negative correlation
between EP and soil economic valuation, with a correla-
tion coefficient of 0.89. These negative correlations indi-
cate that there are complex interactions between certain
ecological services in agricultural ecosystems and their
economic valuations. For instance, the higher the value
of aquatic plant protection, the lower the AEP score tends
to be. This might be because the long-term benefits of
ecological services are difficult to translate into significant

Table 2. Weighted results of environmental impact factors for coordinated development

City EC wWu GWP AP E+P HTP AEP TEP ED WD STP ATP
A 1.5E+15 1.0E+15 4.8E+14 12E+13 |1.68467E+16| 52E+12 |3.0590E+16| 1.1E+14 732131 |2079258.50| 5.5E+13 | 1.2E+13
B 2.1E+15 1.3E+15 6.1E+14 2.1E+13 |1.68167E+16| 6.1E+12 |3.0591E+16| 2.1E+14 731531 |2079250.50 6.1E+13 | 2.1E+13
C 6.9E+14 2.9E+14 2.1E+14 48E+12 |1.68067E+16| 3.1E+12 |3.0592E+16| 3.9E+13 732731 |2079260.50 2.2E+13 | 5.1E+12
D 2.2E+14 | 1.05E+14 | 52E+13 1.1E+12 |1.68567E+16| 2.1E+12 |3.0593E+16| 2.05E+13 | 7320.31 |2079259.50 1.1E+13 | 3.1E+12
E | 2.05E+14 | 1.55E+14 | 9.1E+13 2.2E+12 |1.68367E+16| 3.05E+12 [3.0594E+16| 2.1E+13 732231 |2079262.50 1.6E+13 | 4.1E+12
F 79E+14 4.1E+14 | 145E+14 | 3.1E+12 |1.68767E+16| 2.2E+12 |3.0595E+16| 3.1E+13 732331 |2079264.50 2.1E+13 | 3.2E+12
G | 155E+15 | 84E+14 | 2.05E+14 | 49E+12 |1.68667E+16| 4.2E+12 |3.0596E+16| 4.9E+13 732431 |2079266.50 2.9E+13 | 7.1E+12
H 2.6E+15 | 1.45E+15 | 79E+14 | 1.05E+13 [1.68967E+16| 5.1E+12 |[3.0597E+16| 7.8E+13 732531 |2079268.50 4.1E+13 | 8.2E+12
| 5.8E+14 | 295E+14 | 1.05E+14 | 3.8E+12 |1.68267E+16| 2.05E+12 [3.0598E+16| 2.95E+13 | 7326.31 |2079270.50| 2.6E+13 | 4.3E+12
J 1.9E+14 13E+14 4.8E+13 11E+12 [1.67967E+16| 19E+12 |3.0599E+16| 1.3E+13 731931 |2079272.50 1.1E+13 | 2.1E+12
K 4.6E+14 2.0E+14 8.1E+13 2.1E+12 |1.68167E+16| 2.5E+12 |3.0600E+16| 2.0E+13 732231 |2079274.50 2.5E+13 | 4.5E+12
L 9.1E+14 5.1E+14 | 165E+14 | 4.2E+12 |[1.68367E+16| 4.1E+12 |[3.0601E+16| 5.1E+13 732531 |2079276.50 3.1E+13 | 6.2E+12
M 3.7E+14 1.8E+14 6.1E+13 1.8E+12 |1.68567E+16| 3.1E+12 |3.0602E+16| 1.8E+13 732831 (207927850 2.1E+13 | 3.8E+12
N 49E+14 2.1E+14 7.2E+13 22E+12 |1.68767E+16| 2.8E+12 |3.0603E+16| 2.1E+13 733131 |2079280.50 2.8E+13 | 4.9E+12
O 2.8E+14 1.5E+14 5.1E+13 1.5E+12 |1.68967E+16| 2.1E+12 |3.0604E+16| 1.5E+13 733431 |2079282.50( 1.5E+13 | 3.1E+12
P 3.3E+14 1.7E+14 5.9E+13 1.7E+12 |1.68167E+16| 24E+12 |3.0605E+16| 1.7E+13 733731 |2079284.50 1.7E+13 | 3.7E+12
Q 2.7E+14 14E+14 49E+13 14E+12 |1.68367E+16| 2.2E+12 |3.0606E+16| 1.4E+13 734031 |2079286.50 1.4E+13 | 2.9E+12
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Figure 10. Results of index correlation analysis: a) The correlation between AEP score and economic valuation of aquatic
conservation; b) The correlation between EP score and soil maintenance economic valuation

economic gains in the short term. The negative correla-
tion between soil protection and eutrophication potential
indicates that increasing investment in soil protection may
reduce eutrophication potential, thereby affecting eco-
nomic benefits. These results emphasize the trade-off be-
tween ecological protection and economic development,
suggesting that when formulating agricultural policies, we
should fully consider the long-term impact of ecological
services and the complex relationship between them and
economic returns. Therefore, further exploring the tem-
porality and mechanism of ecological services, especially
their negative correlation, holds significant reference value
for optimizing ecological benefit assessment and policy-
making.

3.3. Analysis of the Superiority of Ecological
Benefit Evaluation Models

To verify the effectiveness of the proposed PSO-FBP model
in agricultural ecological benefit evaluation, two widely
used traditional weighting methods—Entropy Method and
Fuzzy AHP—were selected as benchmarks. Under the same
data conditions, ecological benefit scores were calculated
using the three methods, and expert ratings were used
as reference to evaluate classification consistency and nu-
merical errors. The results are presented in Table 3.

Table 3. Comparison of weighting-based evaluation
methods

Accuracy Spearman | Weight
Method (%) MSE | MAE Correlation | Entropy
Entropy
Method 713 |0.084 | 0.173 0.69 2.12
Fuzzy AHP 746 | 0.076 | 0.161 0.76 1.95
PSO-FBP 88.2 | 0.041| 0.096 0.87 1.36

As shown in Table 3, the PSO-FBP model outperforms
the traditional Entropy Method and Fuzzy AHP in all key
metrics, including accuracy, error control, and rank consis-
tency. It achieves a classification accuracy of 88.2%, with an

MSE of 0.041 and MAE of 0.096, both significantly lower
than the benchmarks. The Spearman correlation coeffi-
cient reaches 0.87, indicating a high level of agreement
between the model output and expert ratings. Moreover,
PSO-FBP generates the lowest weight entropy, reflecting
more discriminative and stable weight distributions. A Wil-
coxon signed-rank test was conducted to assess statisti-
cal significance, and the differences in error metrics were
found to be significant (p < 0.01), confirming the model's
performance advantage and its strong generalizability and
reliability.

To further evaluate the PSO-FBP model’s capability in
nonlinear modeling and handling complex variable inter-
actions, two commonly used machine learning models—
Random Forest (RF) and Extreme Gradient Boosting (XG-
Boost)—were adopted for comparison. Under the same
data conditions, all three models were trained to classify
ecological benefit levels, and their performance was as-
sessed using four standard classification metrics: Precision,
Recall, F1-score, and AUC. The results are shown in Table 4.

Table 4. Performance comparison with advanced machine
learning methods

Method Precision Recall F1-score AUC
RF 0.793 0.762 0.773 0.851
XGBoost 0.814 0.789 0.801 0.873
PSO-FBP 0.861 0.832 0.845 0.902

As shown in Table 4, the PSO-FBP model outperforms
both RF and XGBoost across all four metrics. The higher
Precision indicates a lower false positive rate in identifying
high ecological benefit areas, thus enabling more accurate
selection of priority zones for conservation or policy sup-
port. The higher Recall suggests that the model is able to
identify a greater proportion of truly high-benefit regions,
reducing the risk of omission and improving the cover-
age of ecological resource allocation. The F1-score, which
balances Precision and Recall, is highest for PSO-FBP,
demonstrating its advantage in multi-objective evaluation
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scenarios. Finally, the improvement in AUC reflects stron-
ger differentiation among ecological levels and better
overall classification stability. A paired t-test conducted on
F1-score values showed that the performance improve-
ments of PSO-FBP over RF and XGBoost are statistically
significant (p < 0.05), confirming its robustness and practi-
cal value in intelligent and fine-grained ecological benefit
evaluation.

4. Limitations and future research directions

Although the proposed PSO-FBP model demonstrates
strong performance in ecological benefit evaluation
within agricultural systems, several methodological and
application-related limitations remain. First, the model is
developed based on data from prefecture-level cities in
Henan Province, which introduces regional dependence.
Given the heterogeneity of agricultural ecosystems across
different regions in terms of resource structures and policy
contexts, future research should incorporate multi-regional
datasets to enhance the model's generalizability and ap-
plicability. Second, due to the limited spatial resolution of
the available data, this study does not include diagnostic
visualizations such as spatial residual plots, uncertainty
propagation, or fuzzy rule dependency diagrams. Future
work will introduce high-resolution geospatial data and
interpretability mechanisms to strengthen model trans-
parency and diagnostic capacity. Third, the current model
assumes a linear relationship between ecological and eco-
nomic variables, overlooking potential nonlinear coupling
effects. Future research may incorporate more sophisti-
cated nonlinear modeling strategies and include additional
environmental variables to better capture complex inter-
actions within agricultural ecosystems, thereby improving
predictive performance and application scope.

From the application perspective, this study focuses
primarily on short-term and static evaluations of ecologi-
cal benefits, without accounting for the delayed and long-
term impacts of ecological measures. Future work should
incorporate longitudinal monitoring data and establish
dynamic evaluation frameworks to capture temporal vari-
ations and predict long-term effects more accurately. In
addition, the model currently lacks integration of policy
intervention factors, limiting its utility in simulating eco-
logical responses under varying policy scenarios. Future
studies could introduce policy variables or scenario-based
simulations to support more informed cost-benefit trade-
offs and optimize policy decision-making. Moreover, the
fuzzy rules within the model are automatically learned by
the neural network. While this enhances nonlinear model-
ing capability, it also compromises semantic interpretabil-
ity and increases sensitivity to initial membership function
partitioning. Future efforts should consider incorporating
attention mechanisms, interpretable neural architectures,
or fuzzy rule visualization tools to improve rule trace-
ability and transparency. It is also necessary to employ
expert consensus methods such as the Delphi technique
and quantitative rule confidence evaluation to ensure

consistency and credibility of the rule base, particularly
when resolving trade-offs between productivity and eco-
logical sustainability. These improvements will contribute
to the model's scientific rigor and practical reliability in
decision-support contexts.

5. Conclusions and discussion

To raise the comprehensiveness and intelligence of the
ecological benefit evaluation model, a PSO-FBP-based
ecological benefit evaluation model was proposed. The re-
search experimental outcomes indicated that PSO-FBP had
good convergence effectiveness and stable search ability
in finding the optimal solution, manifested in its strong
local search ability and good global search performance,
and ultimately tended to be stable. Taking a certain prov-
ince as an example, the actual analysis outcomes indicated
that the total economic valuation of agricultural ecosys-
tem services in the province was 4.43335 trillion yuan, of
which waste treatment accounted for 75.58%, agricultural
products accounted for 14.11%, soil conservation account-
ed for 10.19%, and CF and OR accounted for 2.31%. The
weighted results of environmental impact factors indicated
that the AEP score was the highest, at 3.0589E+16, and the
EP score was the second, at 1.68067E+16. Therefore, the
ecological benefit evaluation model constructed through
research can effectively measure the ecological benefits of
coordinated development between agricultural economy
and ecological protection, providing reference for formu-
lating agricultural policies.

Compared with existing studies, the PSO-FBP model
shows stronger comprehensive advantages in method de-
sign and result interpretation. Li (2023) explored the co-
ordinated development of ecology and economy in the
Yellow River Basin from a macro perspective, but only put
forward policy and industrial suggestions, lacking quanti-
tative modeling and empirical verification. Although the
socio-environmental coordination index constructed by Ge
et al. (2023) reveals the development trend of poverty-
stricken areas, the linear weighting method is difficult to
reflect the nonlinear coupling and multi-source hetero-
geneous characteristics within the ecosystem. Although a
nonlinear transition mechanism was introduced, it did not
involve the modeling of fuzzy and uncertain information
and the adaptive generation of evaluation index weights.
In comparison, PSO-FBP integrates fuzzy logic, self-learn-
ing network structure and particle swarm optimization
algorithm. It has stronger modeling ability when dealing
with data fuzziness and complex variable interactions. It
can dynamically learn the importance distribution of dif-
ferent indicators, improving model performance while en-
hancing the accuracy and stability of policy application.

Based on the above conclusions, policy suggestions
for enhancing the ecological benefits of farmland can be
approached from multiple aspects. Firstly, policies should
enhance the self-repairing capacity of agricultural ecosys-
tems, encourage the reduction of pesticide and chemical
fertilizer use, promote organic agriculture and low-impact



agricultural technologies, and strengthen the self-repairing
function of agricultural ecosystems, including aspects such
as soil and water conservation and water source conserva-
tion. Secondly, the government should attach importance
to ecological restoration work such as carbon footprint,
organic carbon footprint and waste treatment regula-
tion services, promote the recycling of agricultural waste,
strengthen soil structure monitoring and improvement,
and enhance soil health and the production capacity of
crops. Finally, policies should encourage the application
of green and innovative technologies, such as precision
agriculture, intelligent irrigation, and biological control
technologies, to reduce environmental pollution, enhance
production efficiency, and strengthen farmers’ training and
support for new technologies. Through these measures,
the coordinated development of agricultural economy and
ecological protection can be achieved, ensuring the sus-
tainability of agriculture and the improvement of ecologi-
cal benefits.
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