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Abstract: Land use change and demographic factors directly or indirectly affect ecosystem services
value, and the analysis of ecosystem services contributes to optimization of land planning, which
is essential for regional sustainable development. In this study, ArcGIS 10.2, IDRISI 17.0 Selva and
MATLAB software, value coefficient method, CA-Markov prediction model and population growth
model were applied to analyze the spatial and temporal changes of land use trends and ecosystem
service values in Guanzhong region, and further predict the impacts of land type changes and
population changes on ecosystem services in the context of urbanization. Results showed that the
expansion of construction land was the most intense, and the transfer process mainly crowded out
arable land; the total ecosystem services value grew spatially in a “low center-high periphery” ring
with large differences at the bottom, and forest land was the most important value provider. The
total ecosystem services value was estimated to decline in the future, with low-value areas spreading
northward and differences in the per capita ecosystem services value increasing. This study provides
a reference for optimal simulation of urban expansion and ecological conservation.

Keywords: ecosystem services; land use changes; population; projection; CA-Markov; Guanzhong

1. Introduction

Ecosystem services (ES) are the benefits that people derive directly or indirectly from
ecosystems and can be categorized into four groups [1–3]: provisioning services (food pro-
duction, raw material production, etc.), supporting services (biodiversity conservation, soil
protection, etc.), regulating services (climate regulation, gas regulation, etc.) and cultural
services (outdoor recreation, aesthetic landscapes, etc.). Urban ecosystems provide many
benefits to residents [4,5], including the cooling effect of urban forests [6], the regulation of
stormwater by urban watersheds and floodplains [7], food production of farms [8], and
opportunities for recreation and scenic beauty provided by parks [9]. As ecosystem services
can characterize elements and functions of an ecosystem, they have become important
indicators for the study of ecological and environmental issues [10,11]. Calculating the
values of ecosystem services provides a commonly-used basis for assessing the impact of
changes to ecosystem services on the various components of human well-being. Presenting
ecosystem service values (ESV) in monetary terms can help clarify trade-offs in decision-
making processes [12], and increases understanding of the impact of economic activities on
ES and the feedback effects of these changes on economic activities [13].

Although there has been progress in multiple areas of ecosystem service assessment
techniques [14,15], including the development of decision tools and frameworks [16–18],
incorporating the concept of ecosystem services in land use planning and management
remains limited, at least partly because its value has not been well understood [19–22].
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In Ontario, Canada, the traditional land use planning paradigm [23] has remained
fundamentally unchanged since 1994. TEEB [24] echoes these statements and argues that
local land use planning often lacks a full consideration of ecological well-being because
the values of ecosystem services (ESV) are often identified by development sectors such
as transportation, housing, water resources, economic development, tourism, and energy.
Such a sectoral approach challenges the preparation of comprehensive plans that should
build on linkages between the sectors [25]. In particular, de Groot [19] notes that while
global and regional modeling tools can be used to assess the impacts of economic and
environmental factors on natural resources, there is relatively little localized modeling
and research on the interactions between land use planning and ES, as well as lack of
focus on how local policy makers can actually incorporate ES considerations in land use
planning, especially in the face of pressures on the quality of ES caused by a growing
population [26,27].

The accelerated urbanization of the Guanzhong region has led to an increase in the
area of urban built-up land, an increase in the proportion of the urban population, and an
increasing pressure on the value of ES. Moreover, as this trend continues, the importance of
the yield and quality of urban ESV for human well-being will continue to increase [28–30].
In this context, this study provides an example and reference for integrated regional ES
and land use planning. Here, data, tools, and methods that are widely available and well
documented are used to accomplish three objectives: (1) to quantify the extent to which
land use change is subject to anthropogenic disturbance; (2) to explore the spatial and
temporal variation of ESV and to elucidate its patterns of change, as well as the impact of
changes in land use patterns on ecosystem services; and (3) to give some thought to how
the existing land use policies and urban planning will adapt to changing conditions and
learn from a better understanding the implications of ecosystem services. In the context
of existing land use policies and urban planning, this study aims to explore the impacts
of land use change and demographic factors on ES and provide a basis for judgment on
future planning to assist policy makers in better coordinating urban development with ES.

2. Materials and Methods
2.1. Study Area

The Guanzhong region is situated within Shaanxi Province (Figure 1). To enable the
merging of social statistics with data on ecosystems, county administrative boundaries
were used to clarify how the data were applied our study area, which focused on Xi’an,
Xianyang, (Yangling), Baoji, Tongchuan, and Weinan. The region is located between 33◦35′

and 35◦51′ north latitude and between 106◦19′ and 110◦36′ east longitude. Topographically,
the Guanzhong region is a basin located between the Qinling Mountains and the Loess
Plateau. LUCC, known as Land Use Cover Changes, can be classified into six categories in
Guanzhong: arable land, forest land, grassland, waterbody, construction land and unused
land, and these six LUCC categories are the main types of land use in this area. Here, the
terrain is high in the east and low in the west. Further, the Weihe River, running through
the central region, forms a large alluvial plain area (Figure 2). The Guanzhong region with
semi-humid climate is a warm temperate region with four distinct seasons and a wide
diversity of vegetation types and agricultural types. Economically, the region is at the heart
of the economy of Northwest China and Shaanxi Province, where it plays an important
role in the strategy of western development. With rapid economic development, it has also
experienced a great growth in population.

2.2. Methods
2.2.1. LUCC Dynamics and Perturbation Analysis

Land use dynamics represent a characterization of the degree of sharpness of land
class conversion over a certain period [31,32]. The land use dynamic degree quantitatively
describes this rate, which is important for the comparison of regional differences and future
trend predictions [33].
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Figure 1. Administrative map of the study area.

Figure 2. Natural environment layer (LUCC is land use type (2015), DEM is digital elevation
model, SLOPE is slope obtained through DEM, and HILLSHADE is mountain shading obtained
through DEM).

The single land use dynamic degree (K) [34] is calculated as follows:

K =
Ub −Ua

Ua
× 1

T
× 100% (1)

where Ua and Ub refer to a certain land use type area at the start and end of the research,
respectively, and T refers to the duration of the research period.



Sustainability 2022, 14, 3003 4 of 20

The comprehensive land use intensity index reflects the extent of human exploitation
of regional land and is an essential index of the depth and breadth of regional land use.
According to the comprehensive analysis method proposed by Fan [35] and other scholars,
land use intensity is divided into four levels and is given a grading index, where the
grading index of unused land is set at 1, that of forest land, grassland and water is set at 2,
that of arable land and garden land is set at 3, and that of construction land is set at 4. The
land use intensity index (LUI) can be acquired by a multiplication of the percentage of each
land use type in this study area with its classification index and then weighting the sum.
The formula for LUI is as follows:

LUI =
4

∑
i=1

Bi × Ci (2)

where Bi is the land use intensity grading index grade of land type i and Ci is the area
percentage of land type i (%).

2.2.2. Assessment of Ecosystem Service Value (ESV)

Costanza et al. [1,3] have obtained equivalent scales of service value per unit area in
various ecosystems at a global scale. The equivalence factor methodology developed by
Xie et al. is a unit value-based approach [36,37] and is a method widely used in China for
evaluating changes in ecosystem services resulting from land use changes. In this method,
each ESV is estimated as the result of a dimensionless equivalent and a unit economic value,
expressed by a standard equivalence factor, and what is obtained is the value of ecosystem
services generated per unit area.

According to Xie et al. [37], the ecosystem services value equivalent factor was the
magnitude of the contribution of each ecological service of an ecosystem relative to the food
production service of farmland, which allows the conversion of the weighting factor table
into an ecosystem service value table. In the present study, the equivalence values of ES
in the Guanzhong region were obtained according to the equivalence coefficient research
results of Xie et al. [36,37] and Xu et al. [38].

The formula for calculating the ESV of the equivalent factor is calculated as follows:

VCk =
1
7
× P× 1

n

n

∑
i=1

Qi (3)

where VCk is the ESV equivalent factor (yuan/hm2 ·a); P is the national average grain yield
(yuan/kg); Qi is the average grain yield of the study area (kg/hm2); and n is the main grain
type of the Guanzhong region.

Ei = λ× Eoi (4)

where λ represents the equivalent correction factor of ESV; Ei indicates the revised ESV
equivalent value of land category i (i = 1,2, . . . ,6); Eoi denotes to the national average
ecological service equivalent value of the ith category of land.

By Equations (3) and (4), the ESV per unit area in Guanzhong was acquired (Table 1).
Using the method described by Costanza et al. [1,3], ESV in the Guanzhong region

were calculated as follows:

ESV =
n

∑
i=1

n

∑
j=1

SiUij (5)

where ESV is the value of the ecosystem services, Si is the area of the ith type of ecosystem
(hm2); Uij denotes the value coefficient of the jth ecosystem service of the ith type of
ecosystem (yuan/hm2); i is the ecosystem type; j is the ecosystem service type.
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Table 1. ESV per unit area in the Guanzhong region yuan/(hm2·a).

Types of
LUCC

AL FL GL WB CL ULTypes of
ESV

FS 616.51 203.45 265.1 12.33 326.75 3.21
RMP 240.44 1837.19 221.94 24.66 215.78 6.41
GR 443.89 2663.31 924.76 36.99 314.42 9.62
CR 598.01 2509.18 961.75 80.15 1270 20.84
HR 474.71 2521.51 937.09 43.16 11,571.84 11.22
WD 856.95 1060.39 813.79 160.29 9155.13 41.68
SR 906.27 2478.36 1380.98 104.81 252.77 27.25
BP 628.84 2780.45 1152.87 246.6 2114.62 64.12

ALR 104.81 1282.33 536.36 147.96 2737.29 38.47
Notes: Six types of LUCC were considered, namely arable land (AL), forestland (FL), grassland (GL), waterbody
(WB), construction land (CL), and Unused land (UL). Unused land refers to land other than farmland and
construction land, mainly including barren grassland, saline land, marshland, sandy land, bare land, bare
rock, etc. In this study, the unused land in Guanzhong area, besides some mudflats, barren hills and grass
slopes, and reed land, is multi-dimensional bare rock and gravel land. In the same way, ESV types were
described as follows: Provision services–food supply (FS) and raw material production (RMP); regulatory services–
hydrological regulation (HR), gas regulation (GR), waste decomposition (WD), and climate regulation (CR);
support services–biodiversity protection (BP) and soil retention (SR); and cultural services–aesthetic landscape
and recreation (ALR).

2.2.3. Simulating LUCC Changes by Coupling Markov Chain and Cellular Automata

The cellular automata (CA) model is a spatial dynamic model of time, space and state
discrete, and temporal causality and local spatial interaction [39]. Using the transformation
rules of cell state, the spatial-temporal change process of land use and other complex
systems can be simulated [40]. The model is as follows [39]:

S(t + 1) = F(S(t), N) (6)

where S(t) and S (t + 1) are the set of cellular states at times t and t + 1 respectively; F is
the transition rule of the cellular state; and N is a neighborhood filter. Markov models are
based on stochastic process theory [41] and were originally proposed by the former Soviet
Union mathematician Andrey Markov [42]. These models can predict the future state of
events by examining only current and previous data [43]. In this way, Markov models have
distinct advantages in predicting future land use changes and are highly applicable for
studying changes in land structure [44]. The mathematical expression is as follows:

S(t + 1) = P · S(t) (7)

P =
(

Pij
)
=


p11 p12 · · · p1n
p21 p22 · · · p2n

...
... · · ·

...
pn1 pn2 · · · pnn

 (8)

where S(t) and S (t + 1) are the land use states at time t and time t + 1, respectively; P is the
state transition probability matrix; and Pij is the probability of a transition from class i land
into class j land. Here, Pij satisfies the following prerequisites:

0 ≤ Pij ≤ 1(i, j = 1, 2, 3, · · · , n)
n
∑

i−1
Pij = 1(i, j = 1, 2, 3, · · · , n) (9)

In the field of land use simulation, Markov models are mainly about the prediction of
change quantity, but they cannot indicate the spatial distribution of land use or all kinds
of land change [45]. However, the CA model can predict the spatial-temporal change
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characteristics of all kinds of land [42], which makes up for the deficiency of the Markov
model. The CA model is formulated as follows:

Sij(t + 1) = F
(
sij(t), Qij(t), V

)
(10)

where Sij (t) and Sij (t + 1) are the states of the cell in row i and column j at times t and t + 1,
respectively; Qij (t) is the state of the neighbors of the cell in row i and column j at time t; V
is the suitability atlas; and F is the cell transformation rule.

The CA-Markov model in IDRISI 17.0 Selva software [46] was utilized to project
LUCC spatial patterns of the Guanzhong region. In the CA-Markov module, an analytic
hierarchy process (AHP) was applied to the determination of weights and introduced into
a multi-criteria evaluation (MCE) decision to obtain the suitability map. Suitability maps
were generated or provided (externally) from driver information, and each driver was
considered as a real number (%).

2.2.4. Logistic Population Growth Module

The logistic model [47] was proposed by Dutch mathematician Verhulst in 1938 to
study the growth pattern of biological populations in a finite space and was later used
by ecologists to simulate the growth process and evolution of biological populations [48].
In this study, the logistic model is used to represent a human population growth model,
where the advantage of using this model to describe the regional population growth
law is that it takes into account the hindering effect of environmental conditions such as
natural resources on population growth [49]. The logistic model is especially applicable to
population predictions over small regions, where factor prediction is less appropriate, and
where the prediction period is relatively short, which is representative of the conditions of
this study. The prediction model can be written as follows:

Pt = Pm/
(

1 + eα−βt
)

(11)

Here, the population grows faster at the beginning of the growth period, and over
time the population growth per unit of time becomes slower, until finally the population
size is infinitely close to the maximum value Pm, which is reflected in the corresponding
forecast target.

The criteria for fitting the logistic curve are as follows: assume that k = 1/Pm, a =
eα/Pm, b = e − β, and 1/Pt = k + abt When t is chosen to be equally spaced, then the
difference between the corresponding Pt inverse and the adjacent term can be expressed
as y = 1/Pm + n− 1 /Pm, whose ratio of the leading term generally varies according to a
fixed value, b. When using this function for the total population forecast, it is necessary to
fit the historical data to derive the function and curve way for the next step of calculation.
That is, by choosing three points (P0, P1, P2) equally spaced apart, and assuming that the
distance between the points is n years, a system of equations can be formed as follows:

P0 = Pm/(1 + eα)
P1 = Pm/(1 + eα−βt)
P2 = Pm/(1 + eα−2βt)

(12)

2.3. Data Resources and Processing

The resolution of LUCC, DEM, road network, population, nature reserves and illumi-
nation data are all 30 meters from the Resource and Environmental Science Data Center
of the Chinese Academy of Sciences (http://www.resdc.cn/Default.aspx (accessed on 12
January 2022). The social and economic data of each county (district) from 1990 to 2020
are extracted from the “Shaanxi Regional Statistical Yearbook”, “China Counties Statistical
Yearbook” and “Regional Statistical Bulletin”.

The calculation results of ESV are dimensionless processed by Max-Min normalization
method. Following the guidance of Xie [36,37], the importance of each service has been

http://www.resdc.cn/Default.aspx
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considered when formulating the land ESV equivalent factor table, so the weight of each
service will not be recalculated.

3. Results
3.1. Utilization and Transition of LUCC
3.1.1. LUCC Dynamic Degree

From 1990–2020, the areas of construction land, cropland, grass land and forestland
experienced significant changes (Tables 2 and 3 and Figure 3). Arable land decreased the
most, reaching 169,470.28 hm2, but remained the main type of LUCC. Construction land
increased the most (144,760.51 hm2) with the acceleration of urban-rural integration. The
flow for construction land was the most intensive and occupied 1529.64 hm2 of arable land
during the 30-year period.

Table 2. Area changes and dynamic degree (K) of land use types in the Guanzhong region from 1990
to 2020 (%).

LUCC Types
1990 2005 2020 1990–2020
Area
(hm2)

Proportion
(%)

Area
(hm2)

Proportion
(%)

Area
(hm2)

Proportion
(%)

Changed
Area (hm2) K (%)

AL 2,572,709.58 46.18 2,504,135.52 44.95 2,403,239.3 43.15 −169,470.28 −0.21
FL 1,312,187.04 23.55 1,323,855.9 23.76 1,337,045.8 24.00 24,858.76 0.06
GL 1,374,914.88 24.68 1,374,807.78 24.68 1,374,202.58 24.67 −712.3 0.01
WB 82,139.85 1.47 84,661.56 1.52 86,455.24 1.55 4315.39 0.18
CL 214,342.11 3.85 274,157.82 4.92 359,102.62 6.45 144,760.51 2.25
UL 15,221.97 0.27 9902.79 0.18 10,076.27 0.18 −5145.7 −1.13

Table 3. LUCC transfer matrix in the Guanzhong Region between 1990–2020 (hm2).

Area in 2020
Area in 1990

AL FL GL WB CL UL Total

AL 22,888.88 148.83 718.18 72.14 149.94 10.84 23,988.81
FL 325.07 12,330.96 345.81 5.25 5.36 35.04 13,047.48
GL 711.38 413.50 12,439.93 38.61 10.61 10.86 13,624.89
WB 114.03 10.23 39.79 541.98 3.58 12.43 722.03
CL 1529.64 50.52 53.68 7.14 1972.56 1.56 3615.10
UL 6.56 6.78 11.89 1.93 0.05 81.31 108.51

Total 25,575.56 12,960.81 13,609.27 667.05 2142.10 152.03 55,106.82

Figure 3. LUCC transfer map for 1990–2020.
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Approximately 1036.45 hm2 of land was returned to forests, with most expansion origi-
nating from grassland and arable land, accounting for 345.81 hm2 and 325.38 hm2 respectively.
The reforestation measures were mainly distributed to the outer extension of the study area,
such as the northern foot of the Qinling Mountains and the Weibei Plain. Additionally, about
35.04 hm2 of forest land expansion originated from the reforestation of unused land.

For the K-values, the most significant change among all LUCCs was in construction
land (increasing by 144,760.51 hm2) with a dynamic degree of 2.25%; while the dynamic
situation of conversion of forest land and grassland remains solid and steady. Since 1990, the
LUCC in the Guanzhong region has been affected by both natural factors and anthropogenic
development, as well as construction activities to varying degrees, including the expansion
of watersheds and improvement in the protection of regional water resources.

3.1.2. Land Use Intensity Composite Index

Following the specification of Equation (2), the comprehensive index of land use
intensity in the years 1990, 2005 and 2020 were obtained (Table 4). Here it can be seen
that the proportion of agricultural land in the region continued to decrease between 1990
and 2020, while the area of forest land, grassland and water, which accounted for a larger
proportion, continued to increase, resulting in an increasing trend of LUI in the study area
from 253.63% in 1990 to 255.86% in 2020. LUI indicates human labor and capital inputs to
land, i.e., higher LUI values imply more intensive land use practices, which are associated
with human interference with ecosystems. In practical terms, the above trend of decreasing
and then increasing LUI is also consistent with the policy of “returning farmland to forest”
implemented in China in the 1990s, which led to a more active and rational development of
land use resources, as well as the accelerated urbanization process of the early 21st century,
which led to the intensification of land use development and human interference.

Table 4. Comprehensive index of land use intensity in the Guanzhong region in 1990–2020 (%).

Year
Proportion

LUI (%)
UL FL, GL and WB AL CL

1990 0.27 49.70 46.18 4.92 254.63
2005 0.18 49.96 44.95 3.85 253.59
2020 0.21 50.23 43.15 6.45 255.86

3.2. Spatial and Temporal Patterns of ESV
3.2.1. Spatial Differentiations

According to the calculation of Natural Jenks using ArcGIS 10.2 software, the total
ESV (TESV) was classified into five classes (Figure 4). The spatial pattern of TESV in each
administrative region maintained an increasing “center-periphery” circular distribution
from low to high during the 30-year period (Figure 4a–d). Spatially, the TESV in the
periphery was high in the west and low in the east. Xi’an City and Yangling Development
Zone exhibited a negative variation, while the rest displayed positive variations.

As urban areas continue to expand, a greater proportion of the population lives in
these areas and the importance of ESV for human well-being increases [28,29]. Previous
studies have indicated [27,50,51] that among the many factors affecting changes in ESV, the
influence of demographic factors is prominent.

To further explore the influence of demographic factors on the distribution of ESV, the
spatial variation of per capita ESV (PESV) was calculated (Figure 5a–d). The results suggest
that the PESV also displayed spatial variation characteristics centered on Xi’an, maintaining
a progression from low to high from the interior to the periphery (Figure 4), which is
in accordance with the distribution of the TESV. Among five cities, Baoji maintained the
highest PESV, while Xi’an maintained the lowest. Moreover, Baoji exhibited the largest
proportion of positive PESV change, while Xi’an displayed more negative PESV changes,
which were mainly from the main urban area.
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Figure 4. TESV distribution and changes from (a) to (d).

Figure 5. PESV distribution and changes from (a) to (d).
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3.2.2. Temporal Variations

Total ESV includes four service types: regulation services, support services, sup-
ply services and cultural services. The total ESV increased from 47,650.9 × CNY 106 to
58,852.14 × CNY 106 during the period of 1990–2020 (Table 5), during which the regulating
services consistently maintained the largest contribution (51.34–51.36%).

Table 5. Changes in primary classification of ESVs between 1990–2020.

Year
ESV Growth Rate (%)

Total ESV
(×CNY 106)Provisioning

Services
Regulating

Services
Supporting

Services
Cultural
Services

1990 11.76 51.34 30.58 6.33 47,650.90
2005 11.69 51.36 30.52 6.42 50,650.99
2020 11.61 51.36 30.48 6.55 58,852.14

Dividing the four service types into secondary subdivisions, ESV changes are shown in
Figure 4. Overall, hydrological regulation, biodiversity and soil conservation were the main
ESV types among all ESVs. The ESV of soil conservation increased from 7521.43 × CNY 106

in 1990 to 9221.8 × CNY 106 in 2020 and reached the highest value; while the ESV of
food production was always lower than the other ESV categories, maintaining a range of
2246.68 × CNY 106– to 2664.58 × CNY 106.

In terms of the rate of change of individual ESVs (Figures 6 and 7), hydrological ESV
was one of the most dominant ESV types, exhibiting the largest increase of 24.6%, followed
by the raw material production and gas regulation ESVs with increases of 24.22% and
23.86%, respectively, and then the food supply ESV with the smallest change (18.6%). These
results indicate that the profit and loss of each type of ESV is affected to varying degrees
with the change of land use in “reforestation” and urbanization.

Figure 6. Comparison of changes in individual ESVs during 1990–2020 (×CNY 106).
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Figure 7. Individual ESV changes during 1990–2020.

In terms of LUCC (Table 6), the total ESV of the Guanzhong Region increased by
a total of 11,201.24 × CNY 106 (23.51%) between 1990 and 2020. Forest land had the
highest ESV in each year and was the main contributor, followed by agricultural land.
Moreover, unused land was associated with the lowest ESV. Over the 30-year period, all
LUCC types underwent flow, and the ESV of construction land, watershed and forests
increased significantly, while the ESV of unused land decreased. The large differences in
ESV among land use types suggest that the substrate has a large influence on ESV.

Table 6. Changes in ESV for each LUCC during 1990–2020.

LUCC
ESV Change

(×CNY 106)
Change Rate

(%)1990 2005 2020

AL 12,530.14 12,969.15 14,507.30 1977.16 15.78
FL 22,748.31 24,405.22 28,729.24 5980.92 26.29
GL 9892.02 10,518.16 12,254.18 2362.16 23.88
WB 2296.52 2517.04 2995.93 699.41 30.46
CL 170.86 232.39 354.80 183.94 107.65
UL 13.04 9.02 10.70 −2.34 −17.95

Total 47,650.90 50,650.99 58,852.14 11,201.24 23.51

3.3. ESV Predictions Based on LUCC
3.3.1. Predicted LUCC Based on CA-Markov

In this study, a continuous filter was used with a standard kernel size of 5 × 5 pixels
to determine transition suitability maps by elevation, slope, roads, nature reserves, lighting,
and population density using a multi-criteria evaluation (MCE) decision support tool
(Figure 8). The kappa index value of 0.905 was calculated and the model passed accuracy
validation, indicating that the CA-Markov prediction is valid.

Next, the LUCC for 2025 and its comparison with the LUCC of previous study years
were scientifically derived (Figure 9, Table 7). The prediction results of the CA-Markov
model were relatively clear, where, compared to 2020, the area of forest land increases
by 4250.3 hm2, and the construction land increases significantly by 58,332.98 hm2. At the
same time, other LUCC decreased to different degrees, of which grassland decreased the
most (39,066.51 hm2).

Table 7. Projected LUCC of the Guanzhong Region in 2025 (hm2).

LUCC Types AL FL GL WB CL UL

Area 2,399,772.06 1,341,296.02 1,335,136.07 75,835.41 417,435.6 2319.93
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Figure 8. Suitability maps based on 2015 LUCC using a multi-criteria evaluation (MCE) tool.

Figure 9. Comparison of LUCC maps for actual years (1990 (a), 2005 (b), and 2020 (c)) and the
projected year (2025 (d)).

With the rapid economic rise of the Guanzhong region and unprecedented urban-
ization, the dynamic changes in land use have been remarkable. The relevant data
show that large quantities of non-construction land has been converted into construc-
tion land, indicating that the LUCC change situation in the region is obviously influenced
by human disturbances.
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3.3.2. Predicted Spatial Inequalities in ESV

The 2025 LUCC were projected by using the CA-Markov model to further obtain
the ESVs in the Guanzhong region (Table 8). The total ESV was predicted to reach
57,040.99 × CNY 106 in 2025, which is a slight decrease of 1811.15 × CNY 106 compared
with 2020.

Table 8. Prediction of ESVs in 2025 for the Guanzhong region (×CNY 106).

2025 FS RMP GR CR HR WD SR BP ALR Total

AL 1887.29 736.04 1358.85 1830.67 1453.21 2623.33 2774.32 1925.04 320.84 14,909.59
FL 330.00 2980.01 4320.01 4070.01 4090.01 1720.00 4020.01 4510.01 2080.01 28,120.08
GL 428.89 359.07 1496.14 1555.99 1516.09 1316.60 2234.24 1865.19 867.76 11,639.98
WB 22.73 15.01 21.87 88.33 804.84 636.75 17.58 147.08 190.38 1944.56
CL 5.23 7.01 17.35 6.25 15.94 32.68 41.52 47.48 250.85 424.31
UL 0.04 0.07 0.11 0.23 0.12 0.46 0.30 0.71 0.43 2.46
Total 2674.18 4097.21 7214.32 7551.48 7880.22 6329.83 9087.97 8495.50 3710.26 57,040.99

Concerning specific land cover categories, forest land provided the highest ESV
(28,120.08 × CNY 106), followed by cropland (14,909.59 × CNY 106) and grassland
(11,639.98 × CNY 106), while built-up land and unused land only provided 0.75% of the
total ESV, which highlights the importance of protecting ecological land to maintain ESV.

In terms of specific ESV types, SR remains the dominant ESV contributor
(9087.97 × CNY 106), followed by BP (8495.5 × CNY 106) and HR (7880.22 × CNY 106).
All ESVs were predicted to decrease to varying degrees compared to 2020, except for FS,
which was predicted to increase by 9.59× CNY 106, something which is likely related to the
growth of cropland FS and the increase in food prices. In addition, among the individual
ESVs, HR of watershed, SR of grassland and BP of forest land decreased significantly, which
may be related to the transfer of the three types of ecological land to construction land, thus
leading to the hardening of roads or the pollution of water bodies, itself resulting in the
weakening of the ecological carrying capacity of watersheds, forest land and grassland.

At the level of individual administrative municipality units, the TESV in 2025 shows
a clear spatial inequality (Figure 10). Specifically, the administrative capital of the city
displays a significantly lower TESV than the surrounding counties. Additionally, inferior
levels of TESV are more common in northern areas, for example, some counties in central
Xianyang and Weinan degrade from moderate to inferior levels in 2020. Notably, southern
Baoji and southwestern Xi’an (three counties) exhibit consistently higher TESV levels,
which may be related to the observation that the Tai Bai National Forest Park is located
there and is classified as a nature reserve.

Figure 10. Projected TESV in 2025.



Sustainability 2022, 14, 3003 14 of 20

4. Discussion
4.1. Impact of Demographic Factors on Future ESVs

A critical step in ecosystem assessment is determining the scope of the ESVs’ capabili-
ties and the social demands placed on them by different stakeholders [52,53]. In both cases,
it has been shown that ecosystems are influenced by both natural attributes (e.g., climate,
LUCC) and social demands [54,55]. Besides climate change, changes in LUCC have become
a central contributor to ES [56], which are driven to a large extent by human activities.
Therefore, demographic factors pose a major challenge for quantitative prediction of future
ESV changes [57].

4.1.1. Population Projection

In order to further investigate the influence of demographic factors on ESV in the
Guanzhong region, a future demographic scenario was simulated. According to
Equations (11) and (12) and the fitting principle, and using the demographic data of the
five cities in the Guanzhong region from 1990 to 2020 as a basis for this study, the following
results were obtained: the population of the five cities tends to expand over time and the
deficit changes by an equal number, i.e., the ratio always fluctuates between 0.8 and 1.0.
Therefore, the application of a logistic function is appropriate for making predictions.

Using Matlab software, it could be seen that the predicted data and actual data curve
were in general agreement, and the predicted populations for each city were determined
(Table 9). These results suggest that the total resident population in the Guanzhong region
will continue to grow. Compared to 2020, the population outflow from the remaining two
cities leads to a decrease in population, while Xi’an, Baoji and Weinan exhibit increases,
especially Xi’an, which displayed the largest increase of 3.09 million new residents. It is
worth noting that Xi’an, as the capital city of the province, has the advantage of its geo-
graphical location and various resources, and coupled with its identification as a “national
central city” in 2018 [58], the city’s influence has further expanded and its population has
swelled significantly. For these reasons, Xi’an is expected to be among China’s mega cities
by 2030. These projections coincide with the 14th Five-Year Plan for National Economic
and Social Development of Shaanxi Province and Vision 2035 [59].

Table 9. Cities’ population projection for 2025 (thousands).

City Logistic Model R2 Projections for 2025

Xi’an Pt = 12.036t− 23360 0.948 14,771.1

Tongchuan Pt =
84.57

1+e300.2−0.152t 0.98 698.7

Baoji Pt =
365.5

1+e221−0.1119t 0.9871 3541.2

Xianyang Pt =
533.5

1+e187.7−0.09504t 0.986 3980.3
Weinan Pt =

540.9
1+e314.9−0.1593t 0.9643 4691.4

However, due to the limited resources provided by ecosystems and their carrying
capacity, the problems of decreasing urban green space per capita [22], increasing ecological
welfare imbalance [60] and decreasing spatial discount rate of ES functions [61] will become
increasingly prominent as the population grows, making it necessary for planners to
confront the spatial inequity when considering ES in the context of future population
growth [62,63].

4.1.2. Spatial Inequality of per Capita ESV in 2025

The results of the CA-Markov and logistic model were used to project the per capita
ESV in 2025. Here, the results show that the PESV maintained the spatial heterogeneity
characteristic of decreasing from west to east and from periphery to inner periphery
(Figure 11). By 2025, the highest-level area remains around Baoji City, i.e., Taibai County.
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Moreover, the low-level counties were projected to grow from 14 in 2020 to 26 in 2025, 10 of
which are from Xi’an City. As of 2025, Xi’an city is projected to have the fastest population
growth, while Baoji adds only 7% of Xi’an’s population. This implies that urban population
pressure has a significant impact on the yield of ES, which is also consistent with previous
findings [21,64].

Figure 11. Projected per capita ESV in 2025.

Xi’an, the administrative, economic and political center of the study area, has a strong
urban absorption capacity [65], but remains a spatial depression of ESV [66]. Of the land
available for development, Xi’an is the most heavily developed and has displayed the great-
est increase in consumption of ESV. This explains why the city of Xi’an can accommodate a
larger population but with an upper limit of ESV occupancy per capita. In contrast, the
decline in ESV is small in the southern mountainous areas of Baoji and the rural areas in
the north, which is likely attributed more to local land use patterns than population [63].
Most of the available land in Xi’an is dedicated to housing, while the developable land
in the southern mountainous area of Baoji and the northern rural area is used for forest
and farm conservation. In fact, most of the woodlands and grasslands in the southern
mountainous areas of Baoji are protected from development by specific environmental
policies and designations (e.g., the Zibai Mountain National Nature Reserve, the Huangbai
Plateau Original Ecological Landscape Area, and the Taibai Mountain National Forest Park).
For these reasons, the overall PESV in Baoji is more favorable and is minimized by urban
change as well as population impacts [67].

4.2. Optimization of ESV Based on Demographic Factors and Urban Development

Cities with a large and dense populations usually have less available ecological
land [68], and residents of densely populated areas therefore experience limited interactions
with nature, which negatively affects their ecological well-being [69,70]. To eliminate this
negative effect, ecological land is urgently needed in such cities. Conversely, in cities with
constrained development of built-up land, when population pressure increases, there is
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a need to develop more productive and residential land. The deprivation of high ESV
land types such as woodlands and grasslands become stronger in response to the limited
availability of low-ESV land types that can be developed [71]. In response to the pressure of
these demographic factors, it is necessary for policy makers to have clearer planning direc-
tions on the potential of urban ES to alleviate the influence of the demographic expansion
on environmental services within the planning area [27].

Here, this study emphasizes the significance of keeping a permanent protection of
land with high natural capital, such as the Zibai Mountain National Nature Reserve, the
Huangbai Plateau Original Ecological Landscape Area, and the Taibai Mountain National
Forest. Even with high levels of population growth, these areas will be able to maintain
a greater level of ES provisioning capacity in the future, largely because development in
these areas is prohibited. [72]. Therefore, maintaining ES and harmonious relationships
while protecting the type of land use proposed in the integrated plan is crucial for the
planning strategy [19].

The observation that the decline in ESV was not dramatic throughout the study area
underscores the fact that the decline in ESV will be mitigated and masked in general
if ecological lands are well maintained and productive and living lands are developed
within reasonable limits. As the population will continue to grow in the future, the
quality of ESV enhancement should be taken into account as residents experience the
impacts of population and land use on ES [73,74]. This consideration may help community
planners adapt to changing conditions in order to moderate the effects of population
growth on ES in the planning area. For example, urbanization can negatively affect ESV by
increasing the demand for construction land, and the rational and intensive use of land
resources can be achieved through industrial restructuring, thereby maximizing the market
efficiency of ESV, optimizing the industrial structure, and protecting the local ecological
environment, which are important components of sustainable land use ecological economy.
In addition, domestic provinces have carried out an “environmental protection loan” policy,
with a financial risk compensation pool used as a means of credit to provide loans for
environmental protection infrastructure construction, ecological protection and restoration
and environmental protection industry development. “Environmental protection loans” are
conducive to the construction of diversified, market-oriented ecological and environmental
protection investment mechanisms to promote the green development of industry. At
the same time, the policy is also a useful attempt to “green finance”, focusing on the
protection of the ecological environment and environmental pollution control in financial
operations, and promoting sustainable social development through the guidance of social
and economic resources.

5. Conclusions

The value coefficient methodology put forward by Xie et al. [34] and Costanza et al. [3]
provides a viable reference for estimating ESV. Similarly, the CA-Markov prediction model
provides a scientific basis for land use planning. Applying the above methods, this study
investigated the effects of demographic and land use change factors on ecosystem services.
With the sharp increase of urbanization in the Guanzhong region, this paper explores the
general pattern of land use change in the region and found that, firstly, the most obvious
change among all LUCCs was that of construction land (with an increase of 144,760.51 hm2),
and that 1529.64 hm2 of arable land was occupied in the process of transhumance; the
comprehensive land use intensity index of ecological land increased from 253.63% in 1990
to 255.86% in 2020, following increasing anthropogenic disturbance. Secondly, this paper
found that total ESV increased by RMB 11,201.24×106, with the highest ESV in all periods
being associated with forest land. Regulating ecosystem services, accounting for 51.33%,
dedicated the most in ESV, while the ESV between counties and districts displayed spatial
differences of “low center and high periphery”. Thirdly, this papers results show that: total
ESV in 2025 was projected to reach 57,040.99 × CNY 106, with a slight decrease compared
with 2020; forest land still provides the highest ESV; ESV of the soil conservation subtype
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plays a major role; TESV in 2025 is unevenly distributed, with inferior levels spreading
northward, while high ESV levels are still maintained in the northern Qinling counties in
the south. Fourthly, the results also show that: the high-level per capita ESV area in 2025
remains in Baoji City, with the highest per capita ESV area in Taibai County; the low-level
counties were projected to grow from 14 in 2020 to 26 in 2025, with 10 of them being
from Xi’an City, which was the main low-value area. Xi’an city can accommodate more
population while reaching the upper limit of per capita ESV occupancy, while Baoji has
better overall per capita ESV and is least affected by urban change and population growth.
Governments should take efforts to maintain the positive impacts of ES and consider the
quality of ESV enhancements when residents experience land use changes.
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