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Abstract

Integrating ecosystem service value (ESV) into land use optimization is crucial for achiev-
ing sustainable development goals. Unlike traditional “post-evaluation” approaches that
assess ESV after generating land use plans, this study pioneers a “goal-oriented” method
by embedding ESV as an objective to guide land use optimization. A multi-objective
particle swarm optimization (PSO) framework, which incorporates ESV with land quan-
tity error, spatial aggregation of farmland and construction land, and economic benefits,
was constructed for the research study. Applied to Wuhan, China, for the periods of
2005–2015 and 2010–2020, the results demonstrate the feasibility of the proposed frame-
work in: (1) reducing construction land area while increasing farmland and ecological land;
(2) spatially aggregating construction land towards urban functional areas while protecting
farmland and ecological land in peri-urban and outer suburban areas; (3) improving spatial
aggregation of farmland, construction land, and ecological land; and (4) slightly increasing
ESV, particularly in peri-urban and outer suburban areas. The proposed PSO framework
provides a valuable tool for optimizing land use layout, enhancing ecosystem service
provision, and promoting balanced socio-ecological development.

Keywords: land use layout; landscape pattern; ecosystem services; particle swarm
optimization; multi-objective optimization

1. Introduction
Rapid urbanization and resource exploitation over the past few decades have signifi-

cantly impacted natural ecosystems, posing challenges to human well-being and sustainable
development [1–3]. The United Nations’ Sustainable Development Goals (SDGs), partic-
ularly SDG 11 (inclusive and sustainable urban development) and SDG 15 (integrating
ecosystem and biodiversity values into planning and development), emphasize the need for
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a harmonious balance between social, economic, and environmental objectives [4]. Achiev-
ing these goals requires effective land use planning that integrates ecological benefits to
support decision-making [5–7].

Ecosystem services (ES) are the direct and indirect contributions of ecosystems to
human well-being, encompassing provisioning, regulating, supporting, and cultural ser-
vices [8]. The availability of ES is fundamentally linked to different types of land use [9–12].
However, land use changes have led to significant losses in Ecosystem Service Value (ESV)
globally. Between 1995 and 2015, the depletion of forest and wetland/water ecosystems led
to an estimated net loss of USD 1.21 trillion in ESV globally [13]. Therefore, it is necessary
and feasible to address ESV concerns from the perspective of land use planning.

Current approaches to integrating ESV with land use planning can be categorized
into two main methods: (1) “post-evaluation”, which evaluates ESV after generating land
layout schemes, and (2) “goal-oriented”, which directly embeds ESV objectives to directly
guide land layout optimization. Existing studies predominantly adopt the former approach.
For example, Peng et al. [14] combined Random Forest and CLUE-S models to predict land
use under various scenarios and assessed ESV to inform decision-making. Tonyaloğlu [15]
employed the PLUS model to simulate land use changes and evaluated their impact on ES,
demonstrating how ES-focused land management enhances both economic and ecological
outcomes. However, this approach has limitations in integrating ESV indicators to directly
guide the land use optimization process. To address this deficiency, studies have begun to
develop “goal-oriented” approaches. For instance, Li et al. [16] developed a two-step spatial
optimization method to determine land allocation that maximizes ES: first, determining
the land quantity structure corresponding to the maximum ESV, and second, spatially
allocating the optimized land use structure. Geissler et al. [17] developed a multi-objective
mixed-integer quadratically constrained programming (MIQCP) model to design farmland,
incorporating objectives of profit, biodiversity, greenhouse gas emissions, and water quality
to optimize crop planting locations. Despite these advancements, the “goal-oriented”
approach remains underexplored, particularly in balancing ecological, economic, and
social objectives.

Constructing an appropriate optimization framework is essential in ESV-oriented
land use optimization. Previous studies have developed various models, such as CA,
CLUE-S, FLUS, and PLUS [18–22]. However, these models are more appropriate in the
“post-evaluation” approach rather than the “goal-oriented” approach. In contrast, particle
swarm optimization (PSO) has an advantage in “goal-oriented” land use optimization due
to its intrinsic logic as well as its computational efficiency, global search capabilities, and
ease of implementation [23–25]. It has been successfully applied to multi-objective land
use optimization [26,27]. For example, Mirghaed et al. [28] employed the PSO algorithm to
refine land spatial allocation, targeting a multiple-objective optimization of land suitability,
water yield, and habitat quality. Similarly, Li et al. [29] optimized land use layout by PSO to
pursue the coordinated development of carbon emissions and GDP. However, most studies
focus on objectives such as land suitability, economic benefits, carbon emissions, and a few
ecosystem services. Few studies have systematically and comprehensively incorporated
multiple dimensions of ESV into a unified optimization framework to examine how ESV
objectives can guide land-use configuration.

In this regard, this study aims to develop a PSO-based framework to integrate multiple
dimensions of ESV as a core objective of land use optimization. Specific steps are as follows:
(1) A PSO-based optimization framework was constructed, taking land quantity error, land
spatial aggregation, economic benefits, and ESV as the fitness functions. (2) Taking Wuhan
city as an example, land use patterns were simulated and optimized. (3) The effectiveness
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of the proposed framework was evaluated by comparing the landscape pattern indices and
ESV of land use patterns before and after running the model.

2. Methodology
2.1. Study Area

Wuhan, with a location between 29◦58′–31◦22′ N and 113◦41′–115◦05′ E, is the capital
of Hubei Province in central China, with an area of approximately 8569.15 km2 (Figure 1).
In 2022, the population of Wuhan reached 13.74 million, with an urbanization rate of
84.66% [30]. Forests, water, and wetlands account for nearly 50% of the city’s area, pro-
viding important environmental functions [2,14]. However, in recent years, the large-scale
expansion of urban and construction land has led to the occupation and destruction of
substantial natural ecological space. Among these spaces, the area of lakes in Wuhan’s
main urban area has shrunk by nearly 60% compared with the 1980s [31]. Therefore, opti-
mizing land use layout, protecting natural ecological spaces, and rationally guiding land
development are crucial to maintaining the integrity and stability of Wuhan’s ecosystem.

Figure 1. Study Area. Location of Wuhan city in China, three functional areas according to
urban–rural gradient in Wuhan City (I–II represent urban functional areas, areas III–IV represent
new urban development areas, and areas V–VI represent outer suburban areas); land use types in
Wuhan City.
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Wuhan could be categorized into three spatial zones according to its urban–rural gra-
dient, namely urban functional areas, new urban development areas, and outer suburban
areas, in the Wuhan Territorial Spatial Planning (2021–2035) framework. Urban functional
areas represent the high-density urban core, where human disturbance on the ecosystem is
severe. New urban development areas represent the areas transforming from rural to urban
areas, where intense conflicts between the urban system and the natural ecosystem arise.
Outer suburban areas represent the outer suburbs, characterized by extensive farmland and
ecological resources, which are not intensively disturbed by human activities. We selected
two key observation areas in each urban functional area for observation and exploration.
Specifically, area I and area II are located within the urban functional area, area III and area
IV are situated in the new urban development area, and area V and area VI are in the outer
suburban area. Basic information on these six observation areas is summarized in Table 1.

Table 1. Basic information on the six observation areas in Wuhan.

ID Functional Zone Type Key Land Use Characteristics

I Urban functional area High-density built-up area;
minimal farmland or vegetation.

II Urban functional area Dense residential and public
facilities; limited ecological land.

III New urban development area
Mix of industrial, residential, and
remaining farmland;
active land conversion.

IV New urban development area Rapid urban expansion alongside
remaining wetlands and farmland.

V Outer suburban country
Dominated by
farmland and woodland;
lower construction intensity.

VI Outer suburban country Large proportion of forest and
water bodies; key ecological buffer.

2.2. Data Sources

Multisource and heterogeneous data were collected to conduct this research. Specif-
ically, (1) digital elevation model data (DEM) in raster format with a resolution of
30 m × 30 m were provided by the Geospatial Data Cloud (https://www.gscloud.cn).
(2) Wuhan administrative district data were obtained from the Resource and Environ-
mental Science Data Platform (https://www.resdc.cn). (3) Population density spatial
data, with a spatial resolution of 1 km × 1 km, were provided by the Joint Research
Centre (https://human-settlement.emergency.copernicus.eu). (4) Building distribution
data, which includes urban building footprint outlines, were obtained from the Resource
and Environmental Science Data Platform (https://www.resdc.cn). (5) The road network,
including highways, national roads, provincial roads, and urban major roads, was pro-
vided by the Wuhan Planning and Design Institute. (6) Land use/land cover (LULC)
data from 2005, 2010, 2015, and 2020, with classification of farmland, forests, grassland,
water, construction land, and other land, were downloaded from the Chinese Academy of
Sciences Resource and Environmental Sciences Data Platform (https://www.resdc.cn),
representing spatial information on both the type and extent of human land utiliza-
tion and natural surface coverage. (7) Point of Interests (POI) data, including com-
mercial centers and bus stops, were obtained through the Application Programming
Interface of the Gaode map (https://lbs.amap.com). (8) The basic farmland data was
sourced from the Wuhan Urban Planning Research Institute. All data were projected on
a CGCS2000_3_Degree_GK_CM_114E geographic coordinate system and resampled to a
500 m grid for modeling. The 500 m resolution was selected as a compromise between

https://doi.org/10.3390/ijgi15030103

https://www.gscloud.cn
https://www.resdc.cn
https://human-settlement.emergency.copernicus.eu
https://www.resdc.cn
https://www.resdc.cn
https://lbs.amap.com
https://doi.org/10.3390/ijgi15030103


ISPRS Int. J. Geo-Inf. 2026, 15, 103 5 of 22

capturing spatial heterogeneity and maintaining computational feasibility for large-scale,
multi-objective PSO runs; preliminary tests showed that a 100 m resolution substantially
increased runtime without proportionate gains in large-scale pattern metrics.

2.3. Method Design
2.3.1. Methodology Flowchart

This study conducted land use optimization with the objective of enhancing ESV,
following the following steps. First, a PSO-based optimization framework was constructed
with the key steps of calculating land use suitability, setting fitness functions and constraint
conditions, and determining model parameters. The land quantity error, the concentration
of construction land and cultivated land, economic benefits, and ESV were utilized as
the fitness function of the model to guide the land layout optimization. Second, with
Wuhan selected as the study area, the framework was used to generate optimized land-use
layouts from 2005 to 2015 and from 2010 to 2020, respectively. Third, the effectiveness of
the proposed framework was evaluated by comparing the changes in land use layouts,
landscape pattern indices, and ESV before and after running the model. A flowchart of the
proposed framework is depicted in Figure 2.

 

Figure 2. Flowchart of the method.
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2.3.2. Particle Swarm Optimization Algorithm

The PSO algorithm, proposed by Eberhart and Kennedy [32], is a population-based
intelligent optimization algorithm. By simulating the flocking and migration behaviors of
birds during foraging, individuals are modeled as massless, volumeless particles in flight.
Based on collaboration and competition among individuals, each particle adjusts its velocity
during flight according to its own experience and the collective experience of the swarm,
continuously updating its velocity and position to converge toward the optimal solution in
complex search spaces. The model holds biological significance, requires few parameters,
and demonstrates strong simulation capabilities for solving nonlinear problems.

The position of a particle represents its state during a particular iteration process and
can be expressed as an n-dimensional vector Xi = (x1, x2, x3, . . . , xn), where n depends
on the total number of spatial units (grid cells) in the study area. Each component of
the position corresponds to the land use type value at a land use unit in the respective
dimension. The velocity of a particle includes both the direction and speed of its flight.
Each dimension of the particle has an independent velocity, representing the direction of
land use type conversion for the corresponding land use unit. This can be represented by
an n-dimensional vector Vi(t) = (V1(t), V2(t), V3(t), . . . , Vn(t)), where n depends on the
number of land use types defined in the study area. Each velocity component represents
the probability of land use conversion for the corresponding land use unit. In this study,
land suitability is used to characterize the particle’s velocity.

The position of a particle at a given moment is

Xi(t) = (x1(t), x2(t), x3(t), . . . , xn(t)) (1)

The velocity of a particle at a given moment is

Vi(t) = (V1(t), V2(t), V3(t), . . . , Vn(t)) (2)

The particle’s position and velocity are updated according to formulas (3) and (4),
where Xp(t) represents the individual local best position of the particle at time t, and Xg(t)
represents the global best position of the swarm at time t.

Vi(t + 1) = ωVi(t) + c1r1(t)× (Xp(t)− Xi(t)) + c2r2(t)× (Xg(t)− Xi(t)) (3)

Xi(t + 1) = Xi(t) + Vi(t + 1) (4)

where t represents the number of iterations; ω is the inertia weight controlling the influence
of the particle’s previous velocity; c1 and c2 are the cognitive and social acceleration
coefficients, respectively, while c1 adjusts the particle’s movement towards its own previous
best position (cognitive component), and c2 adjusts the particle’s movement towards
the swarm’s global best position (social component). r1(t) and r2(t) are independent
random values between 0 and 1, which introduce stochasticity into the algorithm, and
they represent the degree of influence of the previous velocity on the current velocity.
Parameters α, β, δ, and ε denote the learning rate, balance coefficient, convergence factor,
and perturbation term, respectively, which together regulate the particle’s exploration and
convergence behavior.

Land Suitability Evaluation

Land suitability is used to characterize particle velocity, and the Back Propagation
Artificial Neural Network (BPANN) is employed to evaluate the land suitability values for
different land use types [26]. Compared with traditional linear regression or AHP-based
methods, BPANN demonstrates a superior ability to characterize nonlinear relationships
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between ESV and its multiple driving factors while minimizing human subjectivity. In
general, BPANN consists of an input layer, a hidden layer, and an output layer. Both the
input and hidden layers process the data through a weighted approach, and the processed
data are then passed to the next layer according to the transfer rules [28]. The output layer,
as its name implies, is responsible for producing the results. Specifically, in this study, the
input layer represents the spatial indicators that influence land use conversion, while the
neurons in the output layer represent the probabilities of each of the six land use types
occurring in the land use units [27]. The indicators used for evaluating land suitability and
the schematic diagram of the BPANN are shown in Figure 3.

Figure 3. Schematic diagram of land suitability evaluation based on BPANN.

Fitness Function

The fitness function is the objective function of the model optimization and needs
to consider social, economic, and ecological benefits, as well as landscape patterns. The
following optimization goals were considered in this study: minimization of land use
area error, maximization of construction land aggregation, maximization of farmland
aggregation, maximization of economic benefits, and maximization of total ESV. The
objective function is expressed as follows in Formula (5).

F = α ferror + β fCP−construction + γ fCP− f armland + δ feconomy + ε feco log y (5)

where ferror represents the land use area error, which is calculated by comparing the simu-
lated and actual land use area in the simulation process. fCP−construction and fCP− f armland

represent the spatial aggregation of construction land and farmland, respectively, computed
by Formula (6). feconomy represents the economic benefit, calculated based on the economic
benefit coefficient for each land use type, with the coefficients provided in Table 2. feco log y

represents the total ESV of the land use types, calculated by Formula (7). The weights α, β,
γ, δ, and ε represent the relative importance of each factor.

fCompactk =
n

∑
j=1

m

∑
i=0

xk,(i−1,j−1) + xk,(i−1,j) + xk,(i−1,j+1) + xk,(i,j−1)

+xk,(i,j+1) + xk,(i+1,j−1) + xk,(i+1,j) + xk,(i+1,j+1)
(6)
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where fCompactk represents the spatial compactness of land use type k. The term (i, j) denotes
the spatial position of a land use unit, where i and j are the row and column indices of the
grid cells within the study area, respectively.

feco log y =
p

∑
l=1

ωl

n

∑
j=1

m

∑
i=0

ESVl,(i,j) (7)

where feco log y represents the total ESV of the study area. The parameter ωl indicates the
weight of the l-th ESV. In this study, the coefficients of ESV for all services are set to 1.
ESVl,(i,j) represents the value of the l-th ecosystem service at the land use spatial unit (i, j),
calculated by the modified equivalence table for ESV per unit area in Hubei Province, as
proposed by Li et al. [33], as shown in Table 3. n and m represent the row and column
indices of the grid cells in the study area, while p denotes the total number of types of ESs.

Table 2. Economic benefit coefficient table (1000 CNY/km2) [34].

Benefit Indicator Farmland Forests Grassland Water Construction Land Other Land

Economic Benefit Coefficient 144.17 462.38 164.56 1990.24 110.57 1

Table 3. Unit area ESV equivalency adjustment table for Hubei Province (10,000 CNY/ha) [33].

ESs/LULC Farmland Forests Grassland Water Construction
Land Other Land

Provision
services

Crop production 0.1847 0.0422 0.0501 0.1337 0 0.0000
Raw materials 0.0409 0.0969 0.0744 0.0384 0 0.0000

Water yield −0.2181 0.0501 0.0409 1.3854 0 0.0000

Regulation
services

Gas regulation 0.1487 0.3188 0.2599 0.1287 0 0.0100
Climate 0.0777 0.9538 0.6877 0.3827 0 0.0000

Environment 0.0226 0.2795 0.2273 0.9275 0 0.0300

Support services
Soil formation 0.0869 0.3881 0.3167 0.1554 0 0.0100

Nutrient cycling 0.0259 0.0297 0.0242 0.0117 0 0.0000
Habitat 0.0284 0.3534 0.2883 0.4261 0 0.0100

Cultural services outdoor 0.0125 0.1550 0.1270 0.3158 0 0.0100
Total value 0.4103 2.6675 2.0964 3.9054 0 0.0700

Constraints

Adhering to the principles of the PSO algorithm, it is necessary to establish relevant
constraints to direct the particle transitions and learning process. The constraints in this
study are mainly: (1) Farmland, water, and construction land conversion constraints.
Specifically, if a spatial unit is covered by farmland, water, or construction land and remains
unchanged at both the beginning and end of the simulation period, the land use type will
remain unchanged. This constraint is designed to ensure the effectiveness and operability
of land use conversion. (2) Basic farmland conversion constraint. That is, the basic farmland
protection areas extracted from the territorial spatial plan are designated as non-conversion
zones. (3) Water increase constraint. The conversion of other land into water within
restricted areas is restricted due to the considerable resistance to the conversion from other
land to water.

Model Parameters and Execution

The parameters for the PSO model in this study are shown in Table 4. Among these
parameters, ω represents the inertia weight, c1 is the learning coefficient that guides
particles towards their personal best position, and c2 is the learning coefficient that guides
particles towards the global best position of the swarm. The default parameters for ω, c1,
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and c2 are 0.4, 2 and 2. However, since this study involves conversions between different
land use types, using these typical parameters would lead to the model quickly converging
to a local optimum. Therefore, by manually adjusting the parameters and observing the
model’s performance, the final parameters were set as ω = 0.2, c1 = c2 = 0.4. The default
population size is between 20 and 40 and can be increased to 100–200 in complex or specific
situations. In this study, due to the large number of grid cells, the population size was
set as 1000. The iteration time was set as 200, because the model result became stable and
consistent once the iteration time reached 200.

Table 4. Model parameters.

ω c1 c2 α β γ δ ε Population Size Iteration Count

0.2 0.4 0.4 0.2 0.2 0.2 0.2 0.2 1000 200

2.3.3. Landscape Metrics

We evaluated the changes in the spatial layout of farmland, construction land and
ecological land in Wuhan before and after optimization. Following the previous stud-
ies [2,9,35], we selected four commonly used indices, i.e., patch number, edge density, mean
perimeter–area ratio, and spatial compactness, to characterize landscape pattern. Generally,
if a land use type has fewer patches, it indicates a more aggregated landscape. Lower edge
density corresponds to lower landscape fragmentation. A smaller perimeter–area ratio
suggests that patch shapes are more regular. Greater spatial aggregation results in more
compact land use. In practice, the concentrated and contiguous farmland is beneficial for
large-scale, mechanized agricultural production; the spatial aggregation of construction
land facilitates efficient and intensive socio-economic activities; and concentrated ecolog-
ical land layouts help maintain ecosystem integrity, connectivity, and stability, thereby
supporting ecosystem functions. The computational procedures for these indices, outlined
in Table 5, were carried out with the Fragstats v 4.2 software.

Table 5. Landscape pattern indices.

Landscape Formula Description

Number of Patches NP = N “N” represents the total number of
patches in the landscape.

Edge Density ED = E
A×10000

“E” represents the total edge length,
with the unit of meters. “A”
represents the total area of the
landscape, with the unit of
square meters.

Perimeter–Area Ratio PAR = P
A

“P” represents the perimeter of a
patch, with the unit of meters; “A”
represents the area of a patch, with
the unit of square meters.

Aggregation Index AI = gii
max-gii×100

“gii” represents the actual number
of like adjacencies, while “max-gii”
represents the maximum possible
number of like adjacencies.

3. Results
3.1. Land Use Quantity and Spatial Distribution Between Actual and Simulated

In this study, LULC data for 2005 and 2010 served as the baseline, and with a 10-year
interval, the PSO method was applied to simulate the LULC for 2015 and 2020. Figure 4
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shows the actual and simulated land use area for the periods 2005–2015 and 2010–2020.
From 2005 to 2015, the actual areas of farmland, forests, and other land uses in Wuhan
decreased, while the areas of construction land, water, and grassland increased, with
construction land showing the largest increase. A comparison of the simulated and actual
land use areas revealed that the framework produced no change in the areas of forests,
grassland, water, and other land uses. However, the simulated area of farmland was
113.75 km2 larger than the actual area, while the area of construction land was 113.75 km2

smaller than the actual area. From 2010 to 2020, the actual areas of farmland, forests,
grassland, and water in Wuhan decreased, with farmland experiencing the largest reduction.
The area of construction land increased. Comparing the simulated and actual land use
areas, it was found that there was no change in the areas of forests, grassland, and other
land uses. However, the simulated areas for farmland and water were larger by 40.50 km2

and 105.25 km2, respectively, than the actual areas. The simulated increase in water area is
attributable to the framework’s ESV-weighting in the objective function, which tends to
favor water in spatial allocation; in contrast, the observed decline reflects real-world urban
encroachment on lakes in Wuhan from 2010 to 2020. The simulated area of construction
land was 145.75 km2 smaller than the actual area. After optimization, it was noted that the
area of construction land in Wuhan contracted in both 2015 and 2020, while the areas of
farmland and ecological land saw an increase.

  
Figure 4. Area of each land-use type in actual and simulated framework visualizations (km2).

Figure 5 illustrates the actual and simulated land use transitions from 2005 to 2015 and
from 2010 to 2020. In both the actual and simulated scenarios, farmland and water were the
main land use types transferred out, while construction land was the main type transferred
in. From 2005 to 2015, the actual area of farmland transferred out was 611 km2, while the
simulated area was 441.5 km2. After optimization, the area of farmland transferred out
decreased by 169.5 km2. The actual area of water transferred out was 135.5 km2, while the
simulated area was 83 km2. After optimization, the area of water transferred out decreased
by 52.5 km2. Forests, grassland, construction land, and other land had relatively small
areas transferred out in both the actual and simulated scenarios. Construction land had the
largest area transferred in both actual and simulated scenarios, with a total of 526.25 km2

transferred in for the actual scenario, and 384.5 km2 transferred in after optimization.
After optimization, the areas transferred into farmland, grassland, and water all slightly
decreased, while the area transferred to forest land increased. The land use changes from
2010 to 2020 were similar to those from 2005 to 2015, with the largest area of farmland
transferred out and the largest area of construction land transferred in before and after
optimization. Except for forest land, the areas transferred in and out for the remaining
land use types all decreased after optimization. Notably, after optimization under the
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framework, the conversion of farmland to construction land significantly decreased, while
the conversion of other land use types to forest land increased.

  

Figure 5. Land-use transition matrix, actual and simulated framework implementation (Unit: km2).

Figures 6 and 7 illustrate the spatial distribution of actual and simulated land use
types for the periods of 2005–2015 and 2010–2020, respectively. Figure 8 depicts the spatial
distribution of actual and simulated land use transitions for the same periods. To better
understand the framework’s performance in optimizing land use layout, this study focused
on six specific areas within the urban functional area, new urban development area, and
outer suburban area, as indicated in Figure 1. Compared to the actual land use layout, the
simulated one exhibited the following features: (1) urban land expansion trends of the three
urban functional areas were quite similar. In the face of disorderly urban land development,
the optimized construction land pattern showed more spatially concentrated characteristics.
Some construction land that previously encroached on ecological and agricultural land had
been reallocated, moving closer to the urban functional area. (2) Concentrated agricultural
areas demonstrated resistance to construction land invasion; fragmented agricultural land
within important ecological conservation areas was restored to forest land, especially
in outer suburban areas. (3) Ecological space effectively resisted the encroachment of
construction land, thereby preserving the integrity of ecological land, especially in the
outer suburban area. Overall, after adjustment, construction land, farmland, and ecological
land exhibited more clustered spatial patterns, leading to partial restoration and stronger
protection of ecological and agricultural spaces.
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Figure 6. Spatial land-use layout under different scenarios: (a) actual land use in 2005; (b) actual land
use in 2015; (c) simulated land use in 2015.

3.2. Landscape Pattern Indices Between Actual and Simulated Land Use Patterns

Figure 9 shows the landscape pattern indices for both actual and simulated land use,
and Table 6 displays the changes in landscape pattern indices in 2015 and 2020. In compar-
ison to the actual scenario, the optimized landscape exhibited a substantial reduction in
the number of patches and edge density, with the mean perimeter–area ratio remaining
relatively stable. However, the aggregation index saw a moderate increase in both 2015 and
2020. Construction land showed the most obvious landscape aggregation characteristics,
followed by farmland and ecological land. Specifically, in 2015, after optimization, the
patches and edge density of construction land decreased by 29.55% and 24.66%, respec-
tively, while the aggregation index increased by 14.41%. For farmland, patches and edge
density decreased by 10.48% and 7.37%, respectively, accompanied by a 3.07% increase in
the aggregation index. Ecological land experienced a slight reduction in patches, edge den-
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sity, and mean perimeter–area ratio, yet the aggregation index showed a modest increase.
Similarly, in 2020, construction land showed decreases in patches and edge density by
37.39% and 29.42%, respectively, while the aggregation index rose by 16.35%; for farmland,
patches and edge density decreased by 13.21%, 12.02%, respectively, with a 4.49% increase
in aggregation index; ecological land patches and edge density decreased by 12.00%, 5.42%,
respectively, with a 4.78% increase in aggregation index. The changes in landscape indices
before and after optimization for 2015 and 2020 demonstrate that the optimization frame-
work successfully reduced landscape fragmentation and improved spatial aggregation for
all land use types. This suggests that the optimized spatial land use layout better meets
Wuhan’s goals for efficient and intensive land use.

Figure 7. Spatial land-use layout under different scenarios: (a) actual land use in 2010; (b) actual land
use in 2020; (c) simulated land use in 2020.
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Figure 8. Spatial distribution of land-use transitions. (a) Observed land-use transitions from 2005 to
2015; (b) simulated spatial land-use transitions from 2005 to 2015; (c) observed land-use transitions
from 2010 to 2020; (d) simulated spatial land-use transitions from 2010 to 2020.
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Figure 9. Changes in landscape pattern indices for construction land, farmland, and ecological land
from actual to simulated scenarios. (NP: number of patches, ED: edge density, PARA_MN: Mean
value of perimeter–area ratio; AI: aggregation index).

Table 6. The improvement of landscape pattern indices for farmland, construction land, and ecological
land from actual to simulated scenarios. (NP: number of patches, ED: edge density, PARA_MN: Mean
value of perimeter–area ratio; AI: aggregation index).

Year Land NP ED PARA_MN AI

2015 Farmland −10.48% −7.37% −0.17% 3.07%
Construction land −29.55% −24.66% −0.11% 14.41%
Ecological land −1.50% −2.11% −0.07% 0.95%

2020 Farmland −13.21% −12.02% −0.06% 4.49%
Construction land −37.39% −29.42% −0.13% 16.35%
Ecological land −12.00% −5.42% −0.03% 4.78%

3.3. Spatial Distribution of ESV Between Actual and Simulated Land Use Patterns

Figure 10 shows the spatial distribution of ESV before and after optimization for
2015 and 2020. In 2015, the total ESV of land use was approximately 1109.64 million
Chinese Yuan (CNY), and it increased slightly to 1114.30 million CNY after optimization,
showing a minor improvement. Specifically, after optimization, the area of farmland
increased by 113.75 km2, contributing an additional 4.67 million CNY to the ESV. However,
the areas of forests, grassland, water, and other land types did not change, and their
respective contributions to ESV remained the same, at 203.33 million CNY, 17.19 million
CNY, 701.71 million CNY, and 0.44 million CNY, respectively. In 2020, the total ESV of land
use was approximately 1019.91 million CNY, and after optimization, it increased slightly to
1062.67 million CNY, again showing a slight improvement. After optimization, farmland
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and water areas increased by 40.50 km2 and 105.25 km2, respectively, contributing an
additional 1.66 million CNY and 41.10 million CNY to the ESV. Meanwhile, the areas of
forests, grassland, and other land types remained unchanged, with their contributions to
ESV at 199.66 million CNY, 12.05 million CNY, and 0.45 million CNY, respectively. Since
construction land contributes minimally to ESV, the reduction in construction land area
between 2005 and 2015 and 2010 and 2020 did not result in a loss of ESV. In fact, the decrease
in construction land allowed other land types to expand, leading to a slight increase in
ESV. The results show that construction land became more concentrated around the central
urban area, causing areas with reduced ESV to be primarily located at the urban fringe and
in suburban areas, while areas with increased ESV were mainly found at the edges of the
suburbs and in the outer regions.

Figure 10. Spatial distribution of ESV changes before and after framework optimization: (a) 2015
(simulated)–2015 (actual); (b) 2020 (simulated)–2020 (actual).

A spatial comparison among functional zones reveals that the optimization of ESV
varies along with the urban–rural gradient. In urban functional areas (I–II), ESV slightly
increased, mainly due to small-scale green space restoration, which reflects the limited
ecological flexibility in densely built environments. New development areas (III–IV) ex-
perienced moderate ESV improvements, mainly due to the alleviation of pressure from
urban expansion on farmland. Outer suburbs (V–VI) experienced the most substantial ESV
gains, where large-scale ecological restoration and water expansion significantly enhanced
regulating and supporting services. Further analysis of service components reveals that the
overall increase in ESV was mainly driven by regulating and supporting services—such as
climate regulation, water conservation, and habitat maintenance—enhanced by the restora-
tion of forest and water areas in suburban and outer suburban zones. This improvement
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aligns with the spatial aggregation of ecological land, as shown in Figure 9. In contrast,
provisioning services, particularly crop production, declined slightly due to farmland
loss in urban and peri-urban areas. These findings indicate that the optimization process
effectively strengthened ecological regulating and supporting functions while maintaining
essential agricultural capacity.

4. Discussion
4.1. Ecological System Service-Oriented Territorial Spatial Land Use Layout Optimization

National territorial spatial planning provides the fundamental framework for guid-
ing development, protection, and construction activities in China. It emphasizes both
land layout optimization and land use conversion regulation to enhance spatial efficiency
and balance socio-economic growth with ecological sustainability [12,36,37]. In line with
the principle of ecological civilization, spatial planning must account for the ecologi-
cal and environmental impacts of land use [38]. Ecosystem services (ESs), which repre-
sent ecological processes and functions, offer an effective indicator for guiding land use
layout optimization.

Incorporating ecosystem service value (ESV) into land use layout optimization in-
volves addressing three key issues. First, ESV indicators must be appropriately selected
and reasonably evaluated. This study adopts the equivalence factor method to estimate
ESV, which, compared with direct market valuation, contingent valuation (CVM), and
model-based methods [39–41], offers computational simplicity if data is readily avail-
able [33,42,43]. Moreover, its capability for real-time calculation during model iterations
makes it particularly suitable as a land use optimization objective. Nevertheless, similar to
other equivalence-based approaches, this method cannot effectively account for the spatial
variations in ESV across different locations when optimizing land use [33,41].

Second, selecting an appropriate modeling method is critical for spatial land use
optimization. In this study, a particle swarm optimization (PSO) algorithm is employed
for multi-objective land use optimization. Although models such as Cellular Automata
(CA), CLUE-S, FLUS, and PLUS have been widely used for land use simulation [22,44–46],
they perform less effectively when applied to goal-oriented land use optimization. By
contrast, PSO directly embeds the objective function to guide land use conversion during
the optimization process, making the approach more efficient in achieving its objectives. Its
transparent conceptualization and flexible parameterization also provide advantages for
addressing complex multi-objective optimization.

Third, a robust mechanism is required to integrate ESV into the land use optimization
process. The setting of parameters in the PSO model (e.g., land suitability, fitness functions
and spatial constraints) can lead to varied outcomes. In this study, ESV is incorporated
alongside land use error, spatial aggregation, and economic benefits to construct the
objective function. The results confirm that this integrated PSO framework effectively
optimizes land use landscape patterns and enhances ESV (Figures 9 and 10).

The results of the proposed method in this study reveal several distinct findings. First,
there is a continued decrease in farmland area and an expansion of construction land
in Wuhan from 2005 to 2020. This persistent farmland loss is an inevitable outcome of
the rapid industrial and urban expansion over the past two decades, accompanied by
rural-to-urban migration and the decline of agricultural production. The observed pattern
reflects a structural transformation rather than random fluctuations, consistent with Wu
et al. [47], who noted that farmland across China has been increasingly converted from
grain production to construction and other non-agricultural uses. Although the PSO-
based optimization improved the spatial allocation, it did not reverse this overall trend of
urbanization-driven land conversion, echoing the findings of Zhang et al. [34]. Therefore,
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controlling land use quantity and implementing farmland conservation remain critical
components of territorial spatial planning to mitigate the pressures of economic growth on
food security and ecological integrity [48–50].

Moreover, the results also confirm that the proposed framework yields a more ag-
gregated landscape pattern. After optimization, fragmentation of farmland, construction
land, and ecological land was reduced, and spatial aggregation increased (Figure 9). Scat-
tered construction patches were consolidated, and ecological land became more spatially
continuous around major built-up areas, particularly in suburban and outer suburban
zones. A slight enhancement in ESV was also observed (Figure 10), mainly along suburban
edges and ecological buffers. These results indicate that the proposed PSO framework
can effectively alleviate ecosystem stress while maintaining land use balance, providing a
methodological tool to support resource-efficient spatial development.

Finally, distinct spatial restructuring effects were observed among different urban
functional areas. Specifically, in core urban areas (I–II), optimization reduced construction
land fragmentation and improved land-use compactness; in suburban and outer suburban
areas (V–VI), it controlled construction land expansion and maintained ecological and
agricultural spaces. These results demonstrate the different performances of the framework
in diverse urban–rural contexts to inform landscape planning: strengthening land use
redevelopment to enhance land use intensity in the urban core, promoting balanced urban
development and agricultural protection in urban–rural transitional zones (III–IV), and
enhancing ecological protection in suburban and outer suburban regions (V–VI). Although
this study provides a qualitative comparison of ESV improvements across functional zones,
a more detailed quantitative assessment at the zone level could further strengthen the
interpretation and will be explored in future work.

4.2. Improvements and Limitations

This study employs an improved PSO algorithm to conduct “goal-oriented” territorial
spatial land use layout optimization. Compared to the “post-evaluation” approach [51,52],
the “goal-oriented” method incorporates a specific objective as the objective function of
the framework, allowing for a more direct land use optimization effect. When setting
the objective function, this study not only considers economic benefits, land use inten-
sification, and land use errors, but also includes ES objectives, which generates better
performance in improving ES benefits during land use optimization. Moreover, compared
to the other intelligence algorithms, such as FLUS and hybrid GA–CA models [21,22,51],
the proposed PSO-based framework demonstrates greater adaptability for complex multi-
objective optimization problems and requires fewer parameters to implement. It should
be noted that a formal comparative analysis of computational performance against these
algorithms was not conducted, as the primary aim of this study was to establish the fea-
sibility of the multiple goal-oriented paradigm rather than to benchmark computational
efficiency. With a clear conceptual framework, well-defined required parameters, and easy
access to data, the proposed framework can be transferred and replicated under various
environmental conditions.

Although the proposed method demonstrates several advantages, there remain aspects
for improvement. First, the study focuses on constructing and validating a simulation
framework based on a PSO module, based on the past land use patterns, but lacks a section
for predicting future land use patterns. In fact, by simulating future land-use patterns
under different policy and conservation scenarios, the framework can serve as a vital tool
for informed and proactive territorial spatial planning. Second, when constructing the
ESV objective, we treat all ESs as equally important, which does not explicitly consider
the trade-offs or synergies among different ESs. Moreover, our ESV estimation, based on
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the equivalence factor method, does not account for the spatial heterogeneity of service
potential within the same land-use type caused by variations in environmental factors such
as soil, climate, or vegetation structure. Adjusting the relative weights of different ESs and
incorporating higher-resolution environmental drivers in future work would help refine
ecological priorities in land allocation. Third, the performance of PSO is influenced by
parameter settings such as the inertia weight, learning coefficients, and spatial resolution. A
systematic sensitivity analysis is required to quantify how parameters influence outcomes,
thus enhancing the robustness and reliability of the proposed framework in future research.
Finally, although a specific spatial policy, i.e., permanent basic farmland protection zones,
was incorporated in the framework, some other economic aspects, e.g., land-use transition
cost and ecological compensation, were not considered. Integrating cost–benefit or input–
output analyses would improve the practical applicability of the framework in the real-
world territorial spatial planning.

5. Conclusions
In this study, the PSO algorithm, built on a multi-objective function of land quantity,

spatial intensification, economic benefits, and ESV, was utilized to conduct “goal-oriented”
land use layout optimization in Wuhan City for 2015 and 2020. The optimization results
reveal that farmland and water are the main land use types transferred out, while construc-
tion land is the main land use type transferred in. Moreover, compared to the actual land
use layout, the optimized one shows the following characteristics: (1) The area of construc-
tion land in 2015 and 2020 slightly decreased, while the areas of farmland and ecological
land slightly increased. (2) The construction land is more concentrated around the main
urban area, releasing redundant construction land space and restoring some farmland and
ecological land in suburban and outer suburban areas. (3) The landscape fragmentation of
farmland, construction land, and ecological land decreased, and the spatial aggregation
of these land types improved. (4) The total ESV increased, with a particularly noticeable
improvement in ESs on the edges of the suburbs and outer suburbs. The results indicate
that the PSO-based optimization framework developed in this study has a clear effect
on optimizing land use layout, as well as improving ecosystem service levels, thus it is
enlightening for coordinated development between human society and ecosystems.
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