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Abstract: Currently, impacts of rapid cropland reclamation and its intense structural changes in
internal paddy-upland on ecosystem service are insufficient in Sanjiang Plain, China. Further, land
management systems of Sanjiang Plain consist of state-owned and private farms; however, exploring
the impact of different land management systems on “land use–landscape–ecosystem service” is
still lacking. To reveal this issue, the integrated methodology of “land dynamic tracking–landscape
index–improved ecosystem service assessment” was established. Results are displayed below: From
1990 to 2020, land use was featured by decreases in forest (−3308.62 km2), grassland (−6030.86 km2),
waters (−475.81 km2), and unused land (−3037.27 km2), with a slight increase in constructed land
(+403.25 km2) and a rapid increase in cropland (+12,447.56 km2). Although nearly equal increments
of cropland on state-owned and private farms (i.e., 6156.70 km2 vs. 6290.86 km2) were monitored,
different cropland structure changes were still revealed, namely a drastic expansion of paddy fields
(13,788.32 km2) and an acute decrease in upland crops (−7631.62 km2) on state-owned farms, but
both a slight increments in paddy fields (5920.08 km2) and upland crops (370.78 km2) on private
farms. For landscape, private farms were more fragmented (SHDI = +0.63%), causing a decrease
in aggregation (AI = −0.56%) and a more complex shape (LSI = +23.3%), by contrast, state-owned
farms displayed an increased integrity (SHDI = −9.88%), along with an increase in aggregation
(AI = +0.43%) and simplified shape (LSI = −13.30%). Evaluated ecosystem service value changed
from 338.62 to 296.25 billion yuan from 1990 to 2020, a loss rate of 12.58% in Sanjiang Plain. Then, a
new finding showed a higher loss rate on state-owned than private farms (i.e., 30.15% vs. only 6.18%).
This study revealed differentiated processes of “land use–landscape–ecosystem service” in different
land management system regions in China, providing new findings in the fields of land management
system, ecological landscape, and environment.

Keywords: land-use change; landscape; ecosystem service; different land management systems;
Sanjiang Plain of China

1. Introduction

Land cover is the essential carrier of human activities, carrying significant functions
such as agricultural production, daily life, and ecological health [1–3]. With the acute
development of the socio-economy, urban-rural expansion, and industrial progress [4],
human beings strengthened the exploited intensity of land use, bringing about drastic
changes in land spatial complexity at the local, regional, and global scales [5,6]. The features

Land 2024, 13, 437. https://doi.org/10.3390/land13040437 https://www.mdpi.com/journal/land

https://doi.org/10.3390/land13040437
https://doi.org/10.3390/land13040437
https://creativecommons.org/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/land
https://www.mdpi.com
https://orcid.org/0000-0003-4818-2379
https://orcid.org/0000-0002-9054-3759
https://doi.org/10.3390/land13040437
https://www.mdpi.com/journal/land
https://www.mdpi.com/article/10.3390/land13040437?type=check_update&version=2


Land 2024, 13, 437 2 of 29

of remote-sensing images such as color, texture, and patch size can always be used for
land classification through automatic classification and manual visualization technology,
obtaining the land size, shape, and spatial patch arrangement data. These produced land-
use data are input into the landscape model to calculate the landscape index value, which
can analyze the ecological landscape changes in fragmentation, dominance, marginality,
connectivity, aggregation, and diversity [7]. These changes further affect the ecological
environment closely related to human survival, such as the carbon cycle, hydrology, en-
ergy transmission, biodiversity, and climate warming [8–11]. In view of the complexity
of land-use changes and the variability of feedback from land environment changes to
human activities, conducting the continuous monitoring of land pattern and its spatiotem-
poral dynamic change characteristics has always been a hot issue for scholars [12,13]. A
combination of land-use changes and land management property/ownership systems
to comprehensively explore the “land–landscape–ecological environment” has become a
hot research direction. Scientific research on this topic is meaningful for improving the
understanding of the dynamic changes in land ownership systems and their feedback
science with the earth system, as well as the coordinated development between human and
environment.

For the identification and monitoring research of land-use types, early scholars often
relied on topographic maps and manual surveying [14,15], but these methods were both
time-consuming and labor-intensive. With the development of technology and remote-
sensing satellite monitoring methods, the geographical mapping from remote sensing
satellites has begun to popularize [16], such as 1 km resolution global MODIS land-use
data and 300 m resolution global ESA land-use data [17,18]. But, for the monitoring of
land change in some areas, their relatively low spatial resolution and single classification
system often increased the uncertain errors [19]. In 1972, the Landsat TM remote-sensing
satellite was launched, followed by Landsat ETM+ satellite in 1999, and a series of land
satellites such as Landsat OLI 8 and 9 in 2013 and after, respectively, which provided basic
data for starting 30 m land mapping, such as global land 30 m from the China Bureau of
Surveying and Mapping [20]. In addition, the extensive applications of the cloud platform,
big data, and remote-sensing algorithms further promoted the production of high-precision
10 m land data worldwide [21,22]. At the national scale, the Chinese Academy of Sciences
created multi-period national land-use dataset in the 1980s, 1990, 1995, 2000, 2005, 2008,
2010, 2013, 2015, 2018, and 2020 based on the combination of Landsat and high-resolution
satellite images [23]. The land classification system of this dataset was rich, including
6 first-order land types and 25 s-order land types. So many types of land classification
can provide a variety of land class choices for the study of land use and their ecological
environmental effects. At the local or regional scales, sub-meter geographic mapping
relying on SPOT, QUICKbird, and Gaofen series satellites also came into being [24,25], but
the excessive manpower consumption and low accuracy in the automatic classification of
high-resolution remote-sensing images limit its promotion in some regions. In China, the
land-use data from Chinese Academy of Sciences are widely used. Many scholars have
also proved that this set of data had good data accuracy and land monitoring results in the
study of local, regional, and national scales in China [6,26]. Therefore, land spatiotemporal
heterogeneity monitoring and analysis in this study were also according to this set of data.

Land-use changes also alter the structure, function, process, and spatial pattern of an
ecosystem, and further brings about the changes in total amount and its components of
ecosystem services [27]. Under the background of drastic land-use changes such as urban-
ization, industrialization, rural expansion, cultivated land reclamation, and desertification,
the impacts of ecosystem service changes on the environment and the feedback of envi-
ronmental changes to human beings themselves are receiving increasing attention [27,28].
Therefore, exploring the effect of the time series of land-use changes to ecosystem ser-
vices, such as the supply service, regulation service, support service, and cultural service,
has become a hot issue in regional ecological environment evaluation research. In terms
of ecosystem service measurement, Costanza first put forward the basic principles and
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methods [29]. Subsequently, a large number of scholars carried out extensive research on
this method [27,28]. Chinese scholars are also actively exploring the methodology of an
ecosystem service assessment, which is applicable to the region of China [30], considering
characteristics of China’s land-use spatial distribution, vegetation species, biodiversity,
climate, and so on. An equivalent factor method proposed by Xie Gaodi is then often
used for the calculation of Chinese ecosystem services [31,32]. This method sufficiently
investigates the actual conditions of China’s ecosystem distribution and assigns equivalent
factor values to different ecological types in different regions in China. But, it defines the
ecosystem service value provided by construction land as desert ecosystems, which often
leads to an underestimation. This study addresses this issue from the perspective of field
investigation and remote-sensing satellite. By conducting remote-sensing classification and
manual research on construction land, ecosystem service assessments from construction
land can reflect the real values.

The studies of remote-sensing data and ecosystem service valuation methods on the
changes in landscape and ecosystem services are widely investigated. Specifically, the
applications of remote sensing in ecosystem service research present a growth trend. Ac-
cording to the author’s investigation of 5920 articles, 211 were found to meet the criteria of
using remote sensing to assess and/or valuate ecosystem services [33], such as how remote
sensing supports mangrove ecosystem service valuation: a case study in Ca Mau province,
Vietnam [34]. Then, the multitemporal remote-sensing images method is popular and
approached for the estimation of ecosystem services in Zhoushan Island, China [35]; also,
a similar investigation has been conducted in Tianjin, the northeast of North China [36],
Belgium, Luxembourg, Netherlands, India, and the United States [37]. Further, the studies
of remote-sensing data on changes in landscape and ecosystem services together are also
popular, such as the remote sensing for mapping ecosystem services to support the changes
in the arid rural landscape of the Baviaanskloof Hartland Bawarea Conservancy, South
Africa [38], and using high-resolution remote-sensing images to explore the spatial relation-
ship between landscape patterns and ecosystem service values in regions of urbanization,
such as Agartala Municipal Council, India [39].

In China, the rapid increase in population and the sustained economic development
over the past half century have led to the drastic land-use changes, such as acute expansion
of urban land and cultivated land. The reclamation of cultivated land in China mainly
occurred in Northeast China in the past few decades. Sanjiang Plain, the northeast region
of Northeast China, is the significant focus region for land-use changes. In the early
days, Sanjiang Plain was featured by sparsely populated and extensive marshland; large
areas are remained as pristine surface vegetation, called “North China barren land” [40].
The ecosystem was almost undisturbed by human activities and may display the better
ecosystem services in this region. Driven by the national food security strategy, large-scale
cultivated land was carried out after the mid-1950s to meet the food demand for population
growth [41]. Sanjiang Plain, with sufficient water sources, flat terrain, suitable accumulated
temperature, and a unique land management system, has become a strategic grain reserve
base in China, earning the reputation of “North China Granary” [42]. During this period, a
large amount of land cover types that were featured by high ecosystem service values such
as forest land, grassland, and wetland, due to the large-scale construction of settlements,
lost the acute expansion of cultivated land and other activities. According to relevant
research, land reclamation and internal structure conversion of cultivated land in Sanjiang
Plain were very slow before 1990, which became violent after 1990 [43,44]. Drastic land-use
changes may obviously alter landscape and ecosystem services. Therefore, this study
focuses on the effect of intense land-use reclamation activities on landscape and ecosystem
services in the region of Sanjiang Plain after 1990, Northeast China.

The land management property/ownership system in China consists of two mod-
els [45,46]. One model is that the land-use right belongs to the collective, and the local
government has the authority to manage the lands (i.e., private farms). Agricultural plant-
ing under this model is guided by farmers, and these farmers can carry out all agricultural
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activities, such as the selection of crop planting types, crop production, sales, and so
on. Another land management model is that the land management authority belongs to
the central agricultural department (i.e., state-owned farms) [46,47]. In this model, land
use and crop planting rely more on the annual planting plan of the central agricultural
department or the state administration of agricultural reclamation. For example, land
management systems of Sanjiang Plain include state-owned farms and private farms. On
state-owned farms (i.e., the total land area of 3.42 × 104 km2), farm managers/workers are
the implementing agents and can set annual land-use plans. Agricultural production in this
region is more mechanized, specialized, and large-scale, promoting land-use efficiency per
unit area. While on private farms (i.e., the total land area of 7.45 × 104 km2), the farmers
have the right to use the land. This means that farmers can decide the crop planting types
without a unified annual plan. The scale of agricultural production is relatively low, and
the development of agriculture is also relatively slow on private farms. Therefore, from
the perspective of state-owned farms, its crop cultivation is mainly based on the national
planting plan, which can regulate the structure and proportion of crops in China’s grain
market through planting different food crops, so as to avoid the lack of a certain crop or
some crops [48], which shows the significant function of state-owned farms in regulating
crop planting types in Chinese agricultural market.

Over the years, the different land management systems in Sanjiang Plain inevitably
lead to differentiated evolutions in land-use spatial patterns, thus forming differentiated
ecological landscape and ecosystem services. To date, the comparative study on the
impacts of the time series of land-use changes on ecological landscapes and ecosystem
services under the differentiated land management regimes is still lacking. Focusing on this
scientific issue, a new study is conducted on the differentiated effects of land-use change
on landscape and ecosystem services under differentiated land management systems over
the past 30 years. This scientific issue is divided into the following contents: (1) we try
to reveal the time series of long-term land change patterns and capture new land-cover
evolution characteristics in different land management system regions, using the land data
in the years of 1990, 2000, 2010, and 2020; (2) we compare ecological landscapes under
different land management system at patch-type scale and at landscape scale through
ecological indicators to understand the new laws of landscape evolution differentiation
in these two regions; and (3) regarding the different ecosystem services under different
land management system regions, we improve the ecosystem service evaluation method
to measure the values of Sanjiang Plain and compared their differences in state-owned
farms and private farms. We expect this investigation will provide new findings on land
management systems, landscape, and ecosystem services.

2. Materials and Methods
2.1. Study Area

Sanjiang Plain is located in the northeast region of China (Figure 1), with latitudes of
43◦–48◦ N and longitudes of 129◦–135◦ E. The terrain of this region is mainly plain with an
average altitude of 60 m. It has a continental monsoon climate. The lowest temperature
occurs in January and highest temperature occurs in July. The natural vegetation of Sanjiang
Plain is dominated by marshy meadows. The wet and marsh plants mainly include a small
leaf chapter, marsh willow, moss grass, and reeds. Among them, the moss grass marsh
is the most widely distributed, accounting for about 85% of the total area of the marsh,
followed by the reed marsh. The soil types of Sanjiang Plain are mainly black soil, white
pulp soil, meadow soil, marsh soil, etc., and meadow soil and marsh soil are the most
widely distributed. The color of the land surface is mainly covered by black soil with
high organic matter content. Sanjiang Plain has sufficient water resources, and the main
rivers include Heilongjiang River, Wusuli River, and Songhua River. Natural conditions
such as flat terrain, unique black soil, and abundant water resources make it suitable
for agricultural development. At the same time, land management systems of Sanjiang
Plain (Figure 1) include state-owned farms (i.e., the total land area of 3.42 × 104 km2) and
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private farms (i.e., the total land area of 7.45 × 104 km2) [47]. The Sanjiang Plain is also a
typical area of China’s commodity grain production base and land management system,
acting as the pioneers in the reform of China’s arable land-planting structure and land
management system. Therefore, the government departments at different levels (i.e., central
and local governments) have been implementing a variety of agricultural policies and water
conservancy engineering in this region to support food security and the development of
high-quality rice/corn. This region has also become one of the hotspots in land research
in China.
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Figure 1. Divisional maps of the different land management systems (i.e., state-owned farms and
private farms) in the Sanjiang Plain of China. Note: the schematic diagram in the upper left corner
shows the location of the Sanjiang Plain in China and globally.

2.2. Research Data and Methods
2.2.1. Data Collection and Processing

In this section, all the basic data required in this study mainly include three parts,
including land-use data, statistical data, and other data. For the obtaining of land-use data,
the time of land data in 1990, 2000, 2010, and 2015 were obtained from the data platform of
the Institute of Geographic Sciences and Resources, Chinese Academy of Sciences (website:
https://www.resdc.cn/, accessed on 13 July 2022), wherein the format of land data was
a vector, which can effectively improve the calculation accuracy comparing with a raster
format. To check the accuracy of land-use data in the study area, Landsat TM/ETM+/OLI
satellite images (Table 1) in 1990, 2000 2010, 2015, and 2020 were downloaded from the
United States Geological Survey, USGS (website: http://glovis.usgs.gov/ on 13 July 2022).
These images were synthesized with false color synthesis method on the ENVI platform.

https://www.resdc.cn/
http://glovis.usgs.gov/
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Then, human–computer interactive visual interpretation inspection for each period of
images was applied using professional geoscience knowledge, such as the spot size, color,
and texture characteristics, of land types from remote-sensing images, to correct potentially
inaccurate land-use patches. After that, we overlapped the 2015 vector land-use data onto
the 2020 Landsat image to obtain the 2020 land-use data of Sanjiang Plain through the
method of manual digitization on the ArcGIS 10.8 software platform Finally, the method
of stratified random sampling was applied for the first-level land type validation in 1990,
2000, 2010, and 2020 using the remote-sensing satellite imagery (i.e., Landsat images and
high-resolution Google satellite).

For the land-use classification system, the land data used in this study contained six
first-land class types, including cultivated land, forest land, grassland, waters, construction
land, and unused lands. On the basis of six first-land class types, the land-use classification
system was further divided into 25 s-land class types, including paddy fields, upland
crops, woodland, shrub wood, sparse woods, other forest land, high and medium density
grassland, low density grassland, rivers, lakes, reservoirs, ponds, tidal flats and beaches,
permanent glacier and snow, urban land, rural land, industrial and mining land, bare rock
land sandy land, wetland, bare land, gobi, saline alkali land, etc.

Table 1. The number and path/row of remote-sensing satellite images that were used for land-use
data inspection and production in this study.

Path/Row
Year

1990 2000 2010 2015 2020 Total

113/027 11 12 10 11 9 53
114/026 12 11 9 10 11 53
114/027 14 10 8 11 8 51
114/028 13 8 9 10 12 52
114/029 12 9 10 12 10 53
115/026 8 9 9 13 9 48
115/027 9 8 11 9 8 45
115/028 11 10 9 8 9 47
115/029 8 8 9 10 10 45
116/027 10 11 9 11 12 53
116/028 11 10 11 12 11 55
116/029 13 12 9 10 9 53

Total 132 118 113 127 118 608

For statistical data, it was mainly from the statistical yearbook of Heilongjiang Province
(i.e., a provincial-level administrative unit in China covering the entire Sanjiang Plain) and
its subordinate cities and counties, state-owned farms, local archival materials, etc. Main
statistical indicators include the main crop sowing area, the main crop yield, grain net
profit, etc.

Other relevant data include administrative division data and the boundary of differ-
ent land management system regions, which were obtained from the academic research
institution, namely the Institute of Geographic Sciences and Natural Resources, Chinese
Academy of Sciences.

2.2.2. Land-Use Dynamics Tracking Techniques and Dynamic Degree

(1) Land dynamic tracking technique is a better method for studying the trajectory of
land-use change in multiple time periods (Figure 2). This method cannot only track the
changing process of all types of land use, but it can also track the source and destination of
a certain land component or the differential change, thereby revealing the mechanism of
land time and space change trajectory [47,49].
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Figure 2. Trajectory tracking process of the different land types among different time nodes. Note: in
this figure, each color (such as red and green, etc.) represents a land type, and each vertical column
represents a time node such as i, i + 1, i + 2; meanwhile, the j, c, f, g, w, u, and o represent the different
land-use types.

(2) Dynamic degree of land use is a quantitative measure of the degree of change in
the quantity of a certain type of land use within a certain time range or in multiple time
periods, in which large values indicate drastic changes and small values indicate relatively
slow changes. The core formula is as follows:

K =
Sj − Si

Si
× 1

T
× 100% (1)

where K represents the rate of change, Si and Sj are the areas, and T is the whole research
period.

2.2.3. Landscape Pattern Analysis

Landscape index highly concentrates the information of land-use landscape in the
process of the different land-use change. It can display the composition, spatial distribution,
and changes in different landscape structure, which is a quantitatively reliable method and
is widely applied in academic surveys [50]. Due to the large correlation among multiple
landscape indexes, more indexes may be redundant and fewer indexes cannot express
all information. Therefore, landscape index screening is needed to express all research
content using the least number of landscape indexes. In this study, we select as few land-
scape indexes as possible to comprehensively express landscape objectives, including the
research objectives of landscape comprehensive changes, the dominance, the aggregation,
the degree of edge variation in landscape type, and the degree of adjacency of the different
landscape types. The survey objectives of these five perspectives can generally express the
evolution process of land landscape. To find the universal landscape index that matches
these research objectives, we searched for academic literature [51,52], and used the user
guide document of landscape. Finally, the Shannon’s Diversity Index, Largest Patch Index,
Aggregation Index, Landscape Shape Index, and Interspersion and Juxtaposition Index are
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selected, wherein Shannon’s Diversity Index reflects the comprehensive regularity of differ-
ent patches or landscapes (i.e., fragmentation or integrity). The Largest Patch Index refers
to the percentage of the largest patch in the total area, reflecting the degree of advantage in
landscape change. The Aggregation Index reflects the degree of interconnection between
patches of the same type. The Landscape Shape Index reflects the shape dispersion and
regularity of edge landscape shape variation. The Interspersion and Juxtaposition Index
reflects the distribution and parallel distribution of different landscape types and shows the
interaction between different types. These indexes were calculated in the landscape metrics
model and class metrics model on Fragstats4.2 Software Platform (Table 2), respectively.

Table 2. Landscape index information, including the names, abbreviations, formulas, and ecological
implications.

Names Abbreviations Range
of Value Formulas Ecological

Interpretation

Largest Patch Index LPI 0 < LPI ≤ 100 LPI =
max(a1,...,an)

A ∗ 100%
Quantifies the percentage of the total landscape
area represented by the largest patch. A simple

measure of dominance
Landscape Shape

Index LSI LSI ≥ 1 LSI = E
minE

The shape dispersion and regularity of different
patches or landscapes.

Interspersion and
Juxtaposition Index IJI 0 < IJI ≤ 100 I J I = −∑m

k=1

[
(

eik
∑m

k=4 eik
)ln( eik

∑m
k=4 eik

)

]
× 100%

ln(m−1)

The overall distribution and parallel distribution
of different landscape types and the interaction

between different types.

Aggregation Index AI 0 < AI ≤ 100 AI =
[

m
∑

i=1
(

gij
max→gij

)Pi

]
∗ 100%

The degree of interconnection between patches of
the same type.

Shannon’s Diversity
Index SHDI SHDI ≥ 0 SHDI = −

n
∑

i=1
[Pi ln(Pi)]

The richness degree of the distribution of
different landscape types.

2.2.4. The Valuation of the Ecosystem Services

Methodology of the ecosystem service equivalent factor evaluation model proposed
from Xie Gaodi has been widely used in academic research [31,32,53–56]. Core elements of
this evaluation model include an ecological classification system, an equal factor table, and
the factor value. After statistical analysis, these statistical results are linked to the land-use
attribute table, forming a spatialized map of ecosystem service values.

For the first core element (i.e., an ecological classification system), Xie Gaodi’s research
provides a classification of ecosystems. In this study, we use the land-use data of the
Chinese Academy of Sciences due to the better accuracy and richer land classifications. We
compare the meanings of different land types in these two land classification systems. After
one-to-one correspondence between the land types of two classification systems, Table 3
is obtained.

In Table 3, we make some improvements in construction land. In Xie’s research,
Construction land is set as a desert system. This setting may imply an underestimation of
ecosystem services for construction land (i.e., urban, rural, and industrial). Starting from
this point, we mainly use high-resolution satellites to classify construction land to obtain
the sub-construction land types. We fully consider the actual situation of construction
land in Sanjiang Plain and divide the construction land into different sub-types such as
buildings, forests, and grasslands. After that, these land-use categories are merged into
different ecosystems, such as forest ecosystems, grassland ecosystems, desert ecosystems,
etc. Then, the ecosystem service measurement of construction land was close to the real
surface cover values.

The next question is how to classify and verify construction land. Before this, the
first step is to reasonably determine the internal land classification system for construction
land. As we all know, there are various land types within the construction land, including
buildings, roads, squares, lawns, green trees on both sides of roads, park vegetation areas,
as well as bare soil. The surface area of buildings, roads, and squares without vegetation
coverage can be regarded as impervious surface area. The lawns, green trees on both
sides of roads, and parks are merged into forest land and grassland. Bare soil can be
regarded as bare land. Therefore, the construction land in Sanjiang Plain was divided into
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a total number of four types of land covers, covering impervious surface area, forest land,
grassland, and bare soil.

After that, the internal classification of construction land is implemented. To accurately
classify construction land, high resolution satellite images accompanied by a resolution
of 0.5 m on professional and paid platforms (website: https://www.91weitu.com/ on 13
July 2022) are downloaded, and the automatic classification technology is used on the Envi
platform. Then, we obtain the land-use maps within the construction land. To ensure
classification quality, human computer interaction visual inspection is applied to correct
incorrect land patches. After that, layered random sampling method is used for accuracy
evaluation, and we obtain a comprehensive accuracy of over 96% for land classification
within the construction land.

The next question is to calculate the proportion of different land types (i.e., impervious
surface area, forest land, grassland, and bare soil) within the construction land. The
proportion of impervious surface area, forest land, grassland, and bare soil within the
construction land of Sanjiang Plain are 62.59%, 16.67%, 16.67%, and 3.05%, respectively, i.e.,
4/6 impervious surface and bare soil, 1/6 forest land, and 1/6 grassland. These data are
added to Table 3. The matching of the ecosystem is completed.

Table 3. Matching relationship of the different ecosystem types, including the ecosystem classification
of Sanjiang Plain and the ecosystem classification of Xie Gaodi.

Ecosystem Classification of Sanjiang Plain Ecosystem Classification of Xie Gaodi

First Class Second Class Second Class

Cultivated land
Paddy fields Paddy fields
Upland crops Upland crops

Forest land

Woodland Average value of coniferous forest, mixed
coniferous, and broad-leaved forest

Shrub wood Shrub wood
Sparse woods Average value of forest and bare land

Other forest land The average value of forest

Grassland
High and medium coverage grassland Average value of grassland

Low coverage grassland Average value of grassland and bare land

Waters
Reservoirs, ponds, tidal flats, beaches, rivers,

and lakes. River system

Permanent glacier and snow Glacier and snow

Wetland Wetland Wetland

Construction land Urban, villages, industries, and mines 4/6 buildings, roads, squares and bare soil, 1/6
forest land, and 1/6 grassland

Other lands Bare land, alkali land, sandy land, gobi, and saline
bare rock Desert

For the second core element (i.e., an equal factor table), the factor table of different
ecosystems from Xie’s study are determined through actual observations and experiments.
This means it has good accuracy. In the study, according to Table 3, we calculate and obtain
Table 4. In the calculation process of Table 4, it can be understood that the factor of paddy
fields from Xie’s study can be directly given the paddy fields in this study, due to the land
types being the same. Also, the factor of river system from Xie’s study is given to the land
types of reservoirs, ponds, tidal flats, beaches, rivers, and lakes, due to the land classification
system of this study having more water classification types. By calculating each factor in
this way, we obtain all the factors in Table 4. For Table 4, ecosystem services are divided
into the functions of supply, regulation, support, and culture. For supply function, it
mainly provides food production (FP), raw material production (MP), and water resources
supply (WRS). Regulation function includes gas regulation (GR), climate regulation (CR),

https://www.91weitu.com/
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purification environment (PE), and hydrological regulation (HR). Support function contains
soil conservation (SC), maintaining nutrient cycle (MNC), and biodiversity (BD). Culture
function mainly refers to the aesthetic landscape (AL). These four functions constitute the
main structure of ecosystem services and affect many elements of human production, life,
and ecological environments.

Table 4. Equivalent factors of the supply service, regulation service, support service, and culture
service in cultivated land, forest land, grass land, water area, wetland, construction land, and other
lands in Sanjiang Plain.

Ecosystem Service Types Supply Regulation Support Culture

First Level Second Level FP MP WRS GR CR PE HR SC MNC BD AL

Cultivated
land

Paddy fields 1.36 0.09 −2.63 1.11 0.57 0.17 2.72 0.01 0.19 0.21 0.09
Upland crops 0.85 0.40 0.02 0.67 0.36 0.10 0.27 1.03 0.12 0.13 0.06

Forest land

Woodland 0.27 0.63 0.33 2.07 6.20 1.80 3.86 2.52 0.19 2.30 1.01
Shrub wood 0.19 0.43 0.22 1.41 4.23 1.28 3.35 1.72 0.13 1.57 0.69

Sparse woods 0.25 0.58 0.30 1.91 5.71 1.70 3.74 2.33 0.18 2.12 0.93
Other forest land 0.25 0.58 0.30 1.91 5.71 1.67 3.74 2.32 0.18 2.12 0.93

Grass land
High-medium density grassland 0.23 0.34 0.19 1.21 3.19 1.05 2.34 1.47 0.11 1.34 0.59

Low density grassland 0.18 0.26 0.14 0.91 2.39 0.82 1.76 1.11 0.09 1.01 0.45

Water area
Rivers, lakes, reservoirs, ponds,

tidal flats, and beaches 0.80 0.23 8.29 0.77 2.29 5.55 102.24 0.93 0.07 2.55 1.89

Permanent glacier and snow 0.00 0.00 2.16 0.18 0.54 0.16 7.13 0.00 0.00 0.01 0.09

Wetland Wetland 0.51 0.50 2.59 1.90 3.60 3.60 24.23 2.31 0.18 7.87 4.73

Construction
land

Urban land, rural land,
industrial, and mining land 0.29 0.58 0.31 1.95 5.47 1.85 3.80 2.37 0.18 2.16 0.95

Otherland
Bare rock land sandy land, bare

land, gobi, saline alkali land,
and others

0.01 0.03 0.02 0.13 0.10 0.41 0.24 0.15 0.01 0.14 0.06

The third core issue is calculating the monetary value of different ecosystem service
functions. On the basis of Tables 3 and 4, we should obtain the factor value (i.e., the
monetary value of a factor equivalent). From Xie’s study, Equation (2) is used to calculate
this. To ensure the accuracy of the data, all data come from statistical yearbooks and the
archived materials in this calculation process. After that, the cultural services, support
services, supply services, and regulation services, as well as the sub-level ecosystem service
value, are calculated (i.e., Table 5). Finally, the total value of ecosystem services is calculated
using Equation (3):

Ea =
1
7∑n

i=1
mi piqi

M
(2)

where, Ea is the economic value of the food production service function provided by the
farmland ecosystem per unit area (yuan/ha), M is the planting area of all crops (ha), pi is
the national average price of i crop in a year (yuan/ton), mi is the planting area of i crop
(ha), qi is the yield per unit area of i crop (ton/ha), and i is the crop type.

ESV = ∑(Ai × VCi) (3)

where ESV is the total value amount of ecosystem service, VCi is the value coefficient of
the i land class, and Ai is the area of the i land class.

Furthermore, spatial distribution maps of ecosystem service values intuitively reveal
and compare the spatiotemporal distribution differences in ecosystem service values in
different land management system regions (i.e., state-owned farms and private farms).
A spatial distribution map of ecosystem service needs to be produced. Through from
Sections 2.2.1–2.2.3, we understand that the vector land-use maps come from Landsat
images. Its first-land classification system contains cultivated land, forest land, grassland,
waters, construction land, and unused lands. For the construction land, we classify its
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internal structure to subclass types (i.e., impervious surface area, forest land, grassland, and
bare soil) using 0.5 m high resolution satellite imagery. Then, the data format of subclass
type map is converted from raster to vector using spatial analysis tools. The converted
vector map is further used to erase the construction land from the vector land-use map
of the study area to obtain the land-use map that does not contain the construction land.
The vector subclass type map within the construction land and the vector land use without
construction land are merged for a new map. Then, the spatial map of ecosystem service
is presented on state-owned farms and private farms through overlaying administrative
division data. After that, this study classifies the calculated ecosystem service value results
into five levels, including the ecosystem service low-value area (i.e., level I), ecosystem
service sub-low value area (i.e., level II), ecosystem service median-value area (i.e., level
III), ecosystem service sub-high value area (i.e., level IV), and ecosystem service high-value
area (i.e., level V), respectively.

Table 5. Value of the supply service, regulation service, support service, and culture service in the
second land class of Sanjiang Plain (unit: yuan/hm2).

Ecosystem Classification Supply Regulation Support Cultural
Second Class FP MP WRS GR CR PE HR SC MNC BD AL

Paddy fields 1988.49 131.59 -3845.39 1622.96 833.41 248.56 3976.98 14.62 277.80 307.05 131.59
Upland crops 1242.81 584.85 29.24 979.62 526.37 146.21 394.77 1505.99 175.46 190.08 87.73

Woodland 394.77 921.14 482.50 3026.60 9065.18 2631.83 5643.80 3684.56 277.80 3362.89 1476.75
Shrub wood 277.80 628.71 321.67 2061.60 6184.79 1871.52 4898.12 2514.86 190.08 2295.54 1008.87

Sparse woods 365.53 848.03 438.64 2792.66 8348.74 2485.61 5468.35 3406.75 263.18 3099.71 1359.78
Other forest land 365.53 848.03 438.64 2792.66 8348.74 2441.75 5468.35 3392.13 263.18 3099.71 1359.78

High and medium
coverage grassland 336.29 497.12 277.80 1769.17 4664.18 1535.23 3421.37 2149.32 160.83 1959.25 862.65

Low coverage grassland 263.18 380.15 204.70 1330.53 3494.48 1198.94 2573.34 1622.96 131.59 1476.75 657.96
Rivers, lakes, reservoirs,

ponds, tidal flats and beaches 1169.70 336.29 12121.02 1125.84 3348.27 8114.80 149487.70 1359.78 102.35 3728.42 2763.42

Permanent glacier and snow 0.00 0.00 3158.19 263.18 789.55 233.94 10424.95 0.00 0.00 14.62 131.59
Wetland 745.68 731.06 3786.90 2778.04 5263.65 5263.65 35427.30 3377.51 263.18 11506.93 6915.85

Urban, villages, industries
and mines

Sandy land, Gobi, saline
alkali land, bare land, bare

rock land, others

424.02 848.03 453.26 2851.14 7997.83 2704.93 5556.08 3465.24 263.18 3158.19 1389.02

Sandy land, Gobi, saline
alkali land, bare land, bare

rock land, others
14.62 43.86 29.24 190.08 146.21 599.47 350.91 219.32 14.62 204.70 87.73

3. Results
3.1. Land Data Accuracy Evaluation

The method of stratified random sampling is applied for the first-level land type
validation in 1990, 2000, 2010, and 2020 in this study, and the classification results are
displayed in Table 6. Overall, land accuracies are 91.83%, 93.17%, 95.51%, and 95.33%
in 1990, 2000, 2010, and 2020, with corresponding kappa coefficients of 0.88, 0.88, 0.88,
and 0.89, respectively. Data display that the latter years (i.e., 2010 and 2020) have the
higher overall accuracy than the former years (i.e., 1990 and 2000), due to the improved
Landsat image intensity and the availability of high-quality Google Earth imagery during
the land validation process. Meanwhile, for the accuracy in different land-use types, the
construction land always shows better user’s accuracy (UA) in each year, specifically UA
(96.88%) in 1990, UA (96.77%) in 2000, UA (96.97%) in 2010, and UA (100.00%) in 2020. This
can be attributed to the fact that construction land, such as urban and rural areas, is more
easily recognized through human–computer interaction. In addition, the classification
error samples of water land, cultivated land, and unused land can be attributed to the
paddy fields in cultivated land and the swamp wetlands in unused land. There are also
low error samples between forest land and grassland. Overall, the time series maps of
land use in Sanjiang Plain display high accuracies and can be used for land change and its
environmental survey in this study.
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Table 6. Land-use validation based on remote-sensing images in the special years of 1990, 2000, 2010,
and 2020. The overall accuracy (OA), user’s accuracy (UA), producer’s accuracy (PA), and kappa
coefficients are also provided in this table.

Years
Land
Types

Ground Truth (GT) Samples (Pixels) Total
Classified

Pixels

User’s
AccuracyCultivated

Land
Forest
Land Grassland Water

Land
Construction

Land
Unused

Land

1990

Cultivated land 187 5 3 4 1 2 202 92.57%
Forest land 6 197 4 4 1 2 214 92.06%
Grassland 2 3 44 0 1 1 51 86.27%
Water land 1 0 0 45 0 3 49 91.84%
Construction land 0 1 0 0 31 0 32 96.88%
Unused lands 1 2 2 0 0 47 52 90.38%
Total GT pixels 197 208 53 53 34 55 551 OA = 81.83%
Producer’s accuracy 94.92% 94.71% 83.02% 84.91% 91.18% 85.45% 91.83% Kappa = 0.88

2000

Cultivated land 210 6 2 5 0 3 226 92.92%
Forest land 4 194 4 3 1 1 207 93.72%
Grassland 2 1 36 0 0 2 41 87.80%
Water land 0 1 0 45 0 1 47 95.74%
Construction land 0 1 0 0 30 0 31 96.77%
Unused land 1 2 0 1 0 44 48 91.67%
Total GT pixels 217 205 42 54 31 51 559 OA = 93.17%
Producer’s accuracy 96.77% 94.63% 85.71% 83.33% 96.77% 86.27% 93.17% Kappa = 0.88

2010

Cultivated land 231 3 1 3 0 2 240 96.25%
Forest land 4 192 2 2 0 1 201 95.52%
Grassland 1 0 27 0 0 1 29 93.10%
Waters 0 2 0 44 0 1 47 93.62%
Construction land 1 0 0 0 32 0 33 96.97%
Unused lands 1 1 0 0 1 48 51 94.12%
Total GT pixels 238 198 30 49 33 53 574 OA = 95.51%
Producer’s accuracy 97.06% 96.97% 90.00% 89.80% 96.97% 90.57% 95.51 Kappa = 0.88

2020

Cultivated land 233 3 3 2 0 1 242 96.28%
Forest land 7 188 2 1 1 0 199 94.47%
Grassland 0 3 28 0 0 0 31 90.32%
Waters 1 0 1 45 0 0 47 95.74%
Construction land 0 0 0 0 31 0 31 100.00%
Unused lands 2 0 0 1 0 47 50 94.00%
Total GT pixels 243 194 34 49 32 48 572 OA = 95.33%
Producer’s accuracy 95.88% 96.91% 82.35% 91.84% 96.88% 97.92% 95.33% Kappa = 0.89

3.2. Spatiotemporal Characteristics of Current Land Status and Dynamic Change Trend in
Different Land Management System Regions from 1990 to 2020
3.2.1. Analysis of the Spatiotemporal Variations in Land Use in the Whole Sanjiang Plain
from 1990 to 2020

Geographical maps of land distribution in 1990, 2000, 2010, and 2020 were obtained
(Figure 3) using the land-use vector data. In 1990, the area of cultivated land, forest
land, grassland, water area, construction land, and unused land were 46,194.48 km2,
35,971.64 km2, 8103.39 km2, 5509.27 km2, 2121.69 km2, and 10,752.37 km2, accounting for
42.52%, 33.11%, 7.46%, 5.07%, 1.95%, and 9.90%, respectively. And, in 2020, the correspond-
ing area of these land types were 58,642.04 km2, 32,663.02 km2, 2072.52 km2, 5033.46 km2,
2524.95 km2, and 7715.10 km2, accounting for 53.97%, 30.06%, 1.91%, 4.63%, 2.32%, and
7.10%, respectively. Data displayed that the corresponding area changes in cultivated land,
forest land, grassland, water area, construction land, and unused land were 12,447.56 km2,
−3308.62 km2, −6030.86 km2, −475.81 km2, 403.25 km2, and −3037.27 km2 from 1990 to
2020, with increments of 11.36% and 0.37% in cultivated and construction lands, and the
decreases of −3.04%, −5.55%, −0.44%, and −2.80% in forest land, grassland, water area,
and unused land. Therefore, land-use change in the whole study area was mainly driven
by violent cultivated land expansion.

Cultivated land displayed the highest increment in Sanjiang Plain, with a net in-
crease of 12,447.56 km2 from 1990 to 2020, wherein the change area of cultivated land was
7008.10 km2, 5074.44 km2, and 365.01 km2 in the periods of 1990–2000, 2000–2010, and
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2010–2020, illustrating that the trend of cultivated land expansion continued to decrease in
each period. In the context of intense expansion of cultivated land, the continuous differ-
ential changes in cropping structure were also monitored, such that the areas of upland
crops were 39,241.36 km2, 44,878.72 km2, 37,297.74 km2, and 31,980.51 km2 in 1990, 2000,
2010, and 2020, with a loss of 7260.85 km2 and a decrease rate of 6.68% from 1990 to 2020.
In three stages, the changes in the area of upland crops were +5637.36 km2, −7580.98 km2,
and −5317.22 km2, showing an increasing trend first followed by a decreasing trend. On
the contrary, the areas of paddy fields were 6953.12 km2, 8323.86 km2, 20,979.28 km2, and
26,661.52 km2 in 1990, 2000, 2010, and 2020, with an increment of 19,708.40 km2 and an
increased rate of 18.14% from 1990 to 2020, accompanied by corresponding increments of
1370.74 km2, 12,655.43 km2, and 5682.24 km2 for each time period. Data showed that paddy
fields displayed a drastic increase during the studied period.
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Figure 3. Resulted maps of land-use space distribution in Sanjiang Plain from 1990 to 2020. Note:
(a1–a4) represented the land-use maps of Sanjiang plain in 1990, 2000, 2010, and 2020. Correspond-
ingly, (b1–b4) represented the internal structure of cultivated land, including paddy fields and upland
crops, and (c1–c4) represented an area with drastic land-use changes from 1990 to 2020.

A Sankey diagram of Sanjiang Plain from 1990 to 2020 is displayed in the Figure 4.
From this figure, the land conversion process of figure a, b, and c is different, indicating
the differentiated land changes in the periods of 1990–2000, 2000–2010, and 2010–2020,
respectively. Statistical data based on land conversion displayed that from 1990 to 2000,
the biggest land conversion process is from upland crops to paddy fields, with a total area
of 3299.89 km2, followed by the main land conversion of paddy fields to upland crops,
grassland to upland crops, forest land to upland crops, and unused land to upland crops,
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with corresponding areas of 2667.45 km2, 2614.57 km2, 1927.90 km2, and 1911.97 km2,
respectively. Compared to 1990–2000, 2000–2010 had the biggest land conversion process
changes from upland crops to paddy fields, with a bigger area of 9633.86 km2, followed
by the main land conversion of forest land to upland crops, unused land to upland crops,
upland crops to forest land, water land to unused land, and unused land to paddy fields.
Similarly, for 2010–2020, the biggest land conversion process was still from upland crops to
paddy fields, with a total area of 5361.06 km2. However, the conversion area of other lands
was very small in 2010–2020, and the biggest was from grassland to paddy fields, with only
an area of 184.37 km2.
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3.2.2. Comparative Analysis of Land Spatiotemporal Characteristic Changes in Different
Land Management System Regions from 1990 to 2020

For different land-use types, a comparative analysis of different land changes on
state-owned farms and private farms was revealed. On state-owned farms (Figure 5),
the forest land, grassland, water area, and unused land showed a decreasing trend with
changes of −924.63 km2, −2338.63 km2, −185.94 km2, and −2796.08 km2 from 1990 to
2020. Data indicated that the reduction in grassland and unused land was more drastic. In
contrast, cultivated and construction lands exhibited an ascending feature, with a change
of 6156.70 km2 and 87.24 km2, respectively. For changes in land rate, the rate of forest
land, grassland, water area, and unused land reduced from 11.91%, 9.32%, 2.74%, and
16.60% in 1990 to 9.21%, 2.47%, 2.20%, and 8.42% in 2020, with changes of −2.71%, −6.84%,
−0.54%, and −8.18%, respectively. On the contrary, the rate of cultivated and construction
lands increased from 58.25% and 1.17% in 1990 to 76.27% and 1.42% in 2020, with a
large increment of 18.02% in the former and only a small increment of 0.26% in the latter,
respectively. Therefore, the increment of cultivated land was large, and its proportion in
2020 has exceeded three quarters on state-owned farms. While on private farms, a similar
changing law was that forest land, grassland, water area, and unused land exhibited a
descending feature; on the contrary, the cultivated and construction lands exhibited an
ascending feature, comparing to state-owned farms. But, the obvious difference was that
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the loss of forest land, grassland, and water area were more drastic on private farms, with
a loss of −2383.99 km2, −3692.24 km2, and −289.87 km2 from 1990 to 2020, which was
2.58 times, 1.58 times, and 1.56 times the land types of state-owned farms. However, the loss
of unused land was very small on private farms, only 0.09 times that of state-owned farms.
By monitoring, we found that these lost lands were mainly transferred to cultivated land on
state-owned farms and private farms. Differently, a large amount of loss in forest, grassland
and waters on private farms were mainly changed into cultivated land, which promoted its
increase by 6290.86 km2. But, on state-owned farms, the source of cultivated land expansion
was largely from unused land, accompanied by an increment of 6156.70 km2.
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A comparative analysis from the perspective of different internal structure changes
in cultivated land was then revealed. Although the increasement in cultivated land on
state and private farms were nearly equivalent (6156.70 km2 vs. 6290.86 km2) from 1990 to
2020, there were obviously different trends in the internal structure of cultivated land (i.e.,
upland crops and paddy fields). On state-owned farms, paddy fields exhibited a drastic
growth feature, with the area changing from 3466.48 km2 in 1990 to 17,254.81 km2 in 2020, a
change of 13,788.32 km2, and with a change of 1899.79 km2, 9085.07 km2, and 2803.46 km2

in 1990–2000, 2000–2010, and 2010–2020. This indicated that paddy fields showed a con-
tinuous increase feature. In contrast, upland crops exhibited a falling feature, with the
area decreasing from 16,436.09 km2 to 8804.47 km2, a net change of −7631.62 km2, and
with changes of 1164.12 km2, −6266.20 km2, and −2529.54 km2 in each period, exhibiting
the change characteristic of first increasing and then decreasing. While on private farms,
although paddy fields increased from 3486.63 km2 in 1990 to 9406.72 km2 in 2020, only a
change of 5920.08 km2, the change was much smaller than that of state-owned farms (i.e.,
5920.08 km2 vs. 13,788.32 km2). Changes in paddy fields during different periods were
−529.05 km2, 3570.36 km2, and 2878.77 km2, exhibiting the feature of first decreasing and
then increasing, which was also different from the continuous increase characteristic of
paddy fields on state-owned farms. Meanwhile, upland crops increased from 23,176.04 km2
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to 22,805.27 km2, with a net change of 370.78 km2 from 1990 to 2020, while upland crops
on state-owned farms showed a large decrease. Therefore, cultivated land expansion on
state-owned farms showed an increase in paddy fields but a decrease in upland crops,
while those on private farms exhibited an increase in both land types of paddy fields and
upland crops.

3.3. Landscape Analysis from Different Scales in Different Land Management System Regions from
1990 to 2020

Comparative analysis at landscape scale was first executed. Landscape diversity in
Sanjiang Plain was basically constant from 1990 to 2020, at around 1.56. However, we found
the opposite trend of landscape diversity in different land management system regions.
Among which (Figure 6), landscape types became richer on private farms (SHDI = +0.63%),
but it was a decrease in landscape richness and an increase in integrity on state-owned
farms (SHDI = −9.88%). Meanwhile, on state-owned farms, land-use pattern dominated by
continuous rapid expansion of paddy fields promoted the increasing degree of landscape
aggregation (AI = +0.43%) and increased the spatial sprawl among the different land-use
types (IJI = +4.27%), which also brought the tendency of landscape shape to be simplified
(LSI = −13.30%). While on private farms, the continuous encroachment of cultivated land
(i.e., paddy fields and upland crops) to other surrounding lands resulted in a decrease in the
degree of ecological landscape integrative aggregation (AI = −0.56%). This further caused
more complex shapes among patches (LSI = +23.3%) and increased proximity among
different land types (IJI = −4.28%).
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Figure 6. Index changes at landscape scale and at land type scale in different land management system
regions (i.e., state-owned farms and private farms) from 1990 to 2020. Abbreviation: LSI: Landscape
Shape Index, IJI: Interspersion and Juxtaposition Index, AI: Aggregation Index, and SHDI: Shannon’s
Diversity Index.

Comparative analysis at the land-use type scale was then executed (Table 7). In this
section, we compared the landscape types and summarized their change regularity in
different land management system regions. On state-owned farms, the reduction in the
area of upland crops, forest, grassland, waters, and unused land brought about the decrease
in LPI, with values of −3.58, −0.14, −2.07, −0.32, and −1.21 from 1990 to 2020, and
the decrease in AI, with corresponding changes of −0.65, −0.67, −2.43, −2.37, and −0.85,
respectively. In contrast, the expanded area of paddy fields and construction land promoted
the enhancement in LPI and the degree of AI by 21.01, 0.02, and 3.11, 0.45, respectively.
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Among these values, the greatest variation was observed in paddy fields, especially in LPI,
with increments up to 21.02. At the same time, the LSI of paddy fields, grassland, upland
crops, and unused land became simplified, but forest, waters, and construction land were
more complex. According to the survey, the changes in LSI of forest land change were
mainly concentrated in a farming–pastoral ecotone, and the expansion of construction land
brought about its landscape shape complexity mainly in urban regions.

On private farms, the different landscape changes were monitored compared to the
state-owned farms. The changes in the LPI of paddy fields, upland crops, forest land,
grassland, water area, construction land, and unused land were 0.59, 0.39, −0.40, −0.47,
−0.07, 0.06, and −1.95, accompanied by the corresponding AI values of 0.95, −0.84, −0.55,
−4.36, −0.51, 0.49, and −1.87, respectively. Data indicated that the changes in LPI and AI
were much smaller on private than that of state-owned farms. Meanwhile, the changes in
LSI among land types of paddy fields, upland crops, forest, grassland, waters, construction,
and unused lands were 8.82, 43.37, 28.06, −6.70, 10.06, 0.29, and 41.94. This means that the
LSI in all land types become more complex, except for grassland on private farms, and only
the LSI of forest, waters, and construction land became more complex on state-owned farms.
We also found that the paddy fields with the largest change had a simple LSI on private
farms, while in contrast, it was more complex on state-owned farms. Our survey found
that paddy fields were well-planned by the agricultural management department, forming
a concentrated and contiguous planting pattern on state-owned farms. While on private
farms, farmers themselves planted paddy fields, for which the degree of concentration was
low; paddy fields may have been surrounded by other land-use types, which promoted the
complexity in LSI.

Table 7. Changing statistics of landscape indicators in the land types of paddy fields, upland crops,
forest land, grassland, water area, construction land, and unused land on state-owned farms and
private farms from 1990 to 2020, respectively.

Time
Land-Use

Types

LPI/% LSI IJI/% AI/%
State-Owned

Farms
Private
Farms

State-Owned
Farms

Private
Farms

State-Owned
Farms

Private
Farms

State-Owned
Farms

Private
Farms

1990

P F 0.49 0.34 86.93 62.53 48.90 68.99 95.62 96.87
U C 5.92 5.24 93.69 115.06 87.01 84.44 97.83 97.73
F L 0.68 8.72 79.09 87.66 72.55 64.38 96.32 98.54
G L 2.30 0.50 66.84 115.96 73.54 55.50 96.50 95.08
W A 0.77 2.07 21.41 32.22 82.77 84.53 98.00 98.61
C L 0.02 0.10 52.21 87.46 44.86 48.45 92.29 93.74
U L 2.32 2.36 62.81 57.51 73.77 80.09 97.54 97.62

2000

P F 1.72 0.35 80.23 54.54 43.67 44.46 96.75 97.04
U C 7.86 7.99 102.81 123.79 84.47 79.07 97.70 97.77
F L 0.69 8.60 80.50 94.06 61.47 55.29 96.23 98.40
G L 1.48 0.26 65.38 108.06 70.86 50.21 95.50 94.33
W A 0.73 1.82 22.60 32.22 83.73 79.51 97.79 98.58
C L 0.02 0.10 52.05 87.56 42.19 37.95 92.36 93.69
U L 2.29 1.25 65.03 58.20 68.63 68.45 96.99 97.40

2010

P F 16.62 0.56 64.60 72.30 74.77 62.69 98.41 97.35
U C 3.56 12.93 92.22 152.94 79.13 74.62 97.43 97.17
F L 0.54 8.33 82.57 116.18 66.82 55.90 95.63 97.99
G L 0.23 0.03 59.08 109.50 75.33 60.90 94.57 90.77
W A 0.45 2.02 41.12 42.02 74.75 81.17 95.62 98.12
C L 0.04 0.16 54.52 88.23 60.84 52.87 92.53 94.07
U L 1.16 0.41 61.10 99.32 79.05 75.27 96.69 95.81

2020

P F 21.50 0.92 56.60 71.35 81.14 68.17 98.73 97.82
U C 2.34 5.63 89.01 158.44 79.78 74.27 97.18 96.90
F L 0.54 8.33 82.16 115.72 68.38 57.81 95.65 98.00
G L 0.23 0.03 58.45 109.27 75.02 61.88 94.06 90.71
W A 0.45 2.00 40.93 42.28 75.44 83.26 95.63 98.11
C L 0.04 0.16 54.22 87.75 61.62 56.60 92.74 94.23
U L 1.10 0.41 60.26 99.45 79.06 76.47 96.68 95.75

Abbreviation: P F: paddy fields, U C: upland crops, F L: forest land, G L: grassland, W A: water area, C L:
construction land, U L: unused land.
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3.4. Analysis of Spatiotemporal Characteristics of Ecosystem Service Values between the Different
Land Management System Regions from 1990 to 2020
3.4.1. Comparison Analysis of the Differentiated Ecosystem Service Changes under
Different Land Management System Regions

This study improved the ecosystem service measurement method and evaluated its
value in Sanjiang Plain (Figure 7). Total ecosystem service value was 338.62, 310.16, 298.17,
and 296.03 × 109 yuan in 1990, 2000, 2010, and 2020, with a net decrease of 42.60 × 109 yuan
and a loss rate of 12.58% from 1990 to 2020, indicating a serious loss of ecosystem ser-
vices. We also monitored that its change was different in each period, namely a loss of
−28.46 × 109 yuan, −11.99 billion yuan, and −2.15 billion yuan in 1990–2000, 2000–2010,
and 2010–2020, respectively, which indicated that the loss of ecosystem services in Sanjiang
Plain was slowed down.

Different ecosystem service changes were monitored in different land management sys-
tem regions. Firstly, in terms of total quantity, on private farms, the total amount of ecosys-
tem services decreased continuously from 248.19 × 109 yuan in 1990 to 232.86 × 109 yuan
in 2020, with a loss of 15.33 × 109 yuan. The corresponding loss rate was only 6.18%,
which was much lower than the average level of the whole study area. However, on
state-owned farms, the total amount of ecosystem services decreased continuously from
90.43 × 109 yuan in 1990 to 63.16 × 109 yuan in 2020, with a loss of 27.27 × 109 yuan.
The corresponding loss rate was as high as 30.15%, which was much higher than the
average level of the whole study area. Data indicated that the loss rate of state-owned
farms was 4.88 times than that of private farms. Secondly, in terms of the characteristics at
different periods, on private farms, the loss of ecosystem service was −14.11 × 109 yuan,
−0.08 × 109 yuan, and −11.37 × 109 yuan in the three periods of 1990–2000, 2000–2010,
and 2010–2020, respectively, showing a W-shaped loss characteristic. However, on state-
owned farms, the loss in the three periods was −14.35 × 109 yuan, −11.91 × 109 yuan, and
−1.01 × 109 yuan, which showed a continuous downward trend.
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Figure 7. Changes in ecosystem service in Sanjiang Plain and its different land management system
regions (i.e., state-owned farms and private farms) in 1990, 2000, 2010, and 2020, respectively. Note:
unit on the left axis is 108 yuan.
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3.4.2. Comparison Analysis of Spatial Ecosystem Service Evolution in Different Land
Management System Regions

According to the spatial classification patterns of ecosystem service values in Sanjiang
Plain in 1990, 2000, 2010, and 2020 (Figures 8 and 9), we found that ecosystem service values
of the whole region exhibited high areas were concentrated in the eastern, western, and
southern regions, while low areas were concentrated in the central and northern regions.
In different land management system regions, there were obviously spatial distribution dif-
ferences. On state-owned farms, the space distribution of category I had rapidly expanded;
by contrast, the space distribution of category II, III, IV, and V were obviously reduced in
size from 1990 to 2020. Compared to state-owned farms, the expansion of category I was
slow on private farms, along with the relatively slow expansion of other categories. Finally,
in 2020, the category I was widely distributed on state-owned farms, but on private farms,
both category I and category V presented spatially extensive distribution, among which
category V was mostly located in the edge.
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3.4.3. Comparative Analysis of Different Ecosystem Service Functions on State and
Private Farms

According to the calculation results of ecosystem service (Figure 10), the differences
in state and private farms were comparatively analyzed from four aspects, including
the services functions of supply, regulation, support, and culture. Firstly, for supply
service function, only the value of food production continued to increase, with an in-
crease of 1.46 × 109 yuan on state-owned farms and 0.98 × 109 yuan on private farms.
Others showed a continuous declining trend, such as water resources decreasing by
6.70 × 109 yuan on stated-owned farms and 2.91 × 109 yuan on private farms. Secondly,
for regulation service, the proportion of climate and hydrological regulation functions were
high, and the sum of these two reached over 80% in both regions, but a downward trend
was monitored, with −2.38 × 109 yuan and −2.92 × 109 yuan on state-owned farms and
−2.92 × 109 yuan and −5.18 × 109 yuan on private farms, respectively. Thirdly, for support
service, the contributions of soil conservation and biodiversity were obvious, with both
showing a continuous decreasing trend, with the changing values of −2.81 × 109 yuan and
−3.66 × 109 yuan on state-owned farms, and −1.49 × 109 yuan and −1.47 × 109 yuan on
private farms, respectively. Maintaining nutrient cycling function continued to increase by
0.12 × 109 yuan in the former, but it decreased first and then increased in the latter, with a
net change of 0.0057 × 109 yuan. Fourthly, for cultural service, the aesthetic landscapes
continued to decrease in both regions from 1990 to 2020, with reductions of 2.16 × 109 yuan
on state-owned farms and 0.73 × 109 yuan on private farms.
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3.4.4. Comparative Analysis of Ecological Service Functions from Different Land Types on
State and Private Farms

On the whole, the number of high-value land types (i.e., forest, grassland, waters,
and wetland) is decreased; on the contrary, the contribution of cultivated and construction
lands with low ecological value increased, resulting in a total loss in the study area from
1990 to 2020. On state-owned farms, the total amount of ecological services divided by
land type follows wetland > water area > forest > cultivated land, with a rate of 47.71%,
19.05% 12.91%, and 12.84% in 1990. In 2020, the order was wetland > cultivated land >
water area > forest, with a rate of 34.60%, 21.85%, 15.22%, and 23.71%. Data showed that
the order of cultivated land was moved forward. Differently, on private farms, the total
amount of ecological services divided by land type follows forest > waters > wetland >
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cultivated land, with rate of 38.94%, 33.83%, 15.53%, and 6.19% in 1990. And, in 2020, the
order was not changed, only with the corresponding rates of 38.88%, 33.75%, 15.75%, and
8.13%, respectively.

Furthermore, on state-owned farms, the ecosystem service value of wetland re-
duced from 43.15 × 109 yuan in 1990 to 21.86 × 109 yuan in 2020, with a decrease of
21.29 × 109 yuan (Figure 11). This showed that wetland was the land type losing the
most value in ecosystem services, followed by grassland, a loss of 4.12 × 109 yuan. In
different types of grassland, the service value of high and medium coverage grassland
lost more, compared to the low-coverage grassland. Net decrease in forest ecosystem
services was 2.06 × 109 yuan, of which the loss of shrub forest, sparse forest, and other
woodland was 1.81 × 109 yuan, 1.24 × 109 yuan, and 0.03 × 109 yuan, respectively, while
woodland increased by 1.03 × 109 yuan. In contrast to these ecosystem service reductions,
ecosystem services of cultivated and construction lands increased by 3.37 × 109 yuan and
0.25 × 109 yuan, respectively. For the internal structure of cultivated land, paddy fields
increased by 7.84 × 109 yuan, while upland crops decreased by 4.48 × 109 yuan from 1990
to 2020.

On private farms, the loss of ecosystem services in forest, grassland, and water area
were relatively large, with values of 6.11 × 109 yuan, 6.51 × 109 yuan, and 5.36 × 109 yuan,
respectively. Then, followed by wetland, values of −5.46 × 109 yuan, +4.47 × 109 yuan,
and −8.4 × 109 yuan in 1990–2000, 2000–2010, and 2010–2020, respectively, were observed,
showing a decreasing trend in fluctuations. By contrast, cultivated land and construction
land had a positive effect on ecosystem service, with increments of 3.59 × 109 yuan and
0.92 × 109 yuan. For the internal structure of cultivated land, the increment of paddy fields
and upland crops were 3.37 × 109 yuan and 0.22 × 109 yuan, respectively. Further, the
total increase in the ecosystem service of cultivated and construction lands was greater on
private than that of state farms.

Figure 11. Changes in the ecosystem service value of the primary ecological types in different land
management system regions of Sanjiang Plain in 1990, 2000, 2010, and 2020, respectively. Note: unit
on the left axis was 108 yuan.
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4. Discussions
4.1. Cultivated Land Continues to Increase in Sanjiang Plain, and Is Accompanied by a More
Differentiated Pattern of Upland Crops and Paddy Fields in Different Land Management Systems
in Northeast China

According to the previous literature [26,57], the evolution of cultivated land has un-
dergone different spatial migration patterns in China. Initially, primitive cultivated land
was largely located in Southeast China due to suitable temperature and climate. This
region has also been awarded the title of “Jiangnan fish and rice region of China”. With
urban–rural expansion, and the increase in industrial and mining lands, lots of high-quality
cultivated land featured by double-cropping in each year or triple-cropping in two years in
the southeast region was invaded and lost. Under the background of cultivated land loss
and population growth, cultivated land reclamation shifted from Southeast China to North-
east China, and then, Northeast China became a new expansion hotspot area for cultivated
land [6]. In the past half century, lots of cultivated lands have been reclaimed in the north-
east region, which become the granary of China, especially in Sanjiang Plain. Afterwards,
cultivated land reclamation shifted from Northeast China to Northwest China such as Xin-
jiang, due to the suitable cultivated land resources in Northeast China that were basically
exploited [6]. From 1990 to 2015, China’s cultivated land resources experienced a trend
characterized by an increase (1990–2000) and then a gradual decrease (2000–2015) [47,58].
So, against the backdrop of continuous decline in cultivated land resources nationwide [46],
this study monitored that the cultivated land in Sanjiang Plain in 1990, 2000, 2010, and 2020
was 46,194.48 km2, 53,202.58 km2, 58,277.02 km2, and 58,642.04 km2, with a total increase
of 12,447.56 km2, indicating a continuous increasing trend. We also monitored that the
changing area of cultivated land in 1990–2000, 2000–2010, and 2010–2020 were 7008.10 km2,
5074.44 km2, and 365.01 km2, respectively, indicating that the growth trend of cultivated
land slowed down in each period.

Influenced by different land management systems, the land changes in state-owned
farms and private farms were also different, especially for paddy fields and upland
crops. On state-owned farms, from 1990 to 2020, the area of paddy fields increased
from 3466.48 km2 to 17,254.81 km2, while upland fields decreased from 16,436.09 km2

to 8804.47 km2, showing a violent increase in paddy fields and an acute decrease in upland
crops. On private farms, the covered area of paddy fields increased from 3486.63 km2 to
9406.72 km2, and upland crops changed from 22,805.27 km2 to 23,176.04 km2, showing
an increase in both paddy fields and upland crops. The land management system and
farming mode acted as the significant functions during this process. The reclamation area
with state land ownership has a faster process of paddy conversion than the agricultural
area with collective land ownership. In addition, the transformation of the large scale of
upland crops to paddy fields in Sanjiang Plain occurred mainly in state-owned farms. On
the one hand, due to the fact that the land in the reclamation area belongs to the state, a
large number of agricultural policies and water conservancy projects were implemented
in state-owned farms [46,47], which can meet the basic conditions for continuous and
large-scale planting of paddy fields. On the other hand, because the behavior of the farm
household was affected by the price of agricultural products, the willingness of farmers to
change to rice planting increased, due to the increase in the expected minimum purchase
price level for rice. Also, the different median size of the private farms and state farms
is another important factor influencing paddy field area. According to our investigation,
on state-owned farms, which are characterized by abundant cropland areas and scarce
populations, workers obtain cropland via paid annual contracts from farm governors,
and they can purchase more land as desired. Notably, paddy fields can easily be planted
on a large scale (approximately 30–40 hectares/household), along with a high level of
mechanization and the numerous agricultural water conservancy projects. However, on
private farms, which are characterized by a limited cropland area and a large population,
farmers obtain cropland via a 30-year pre-paid contract. Although they can also cultivate
land through purchasing, the scale of the land is still limited. Moreover, a paddy field on
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private farms can only be planted on a small scale (approximately 2–6 hectares/household),
accompanied by the mechanization that needs to be improved and insufficient agricultural
water conservancy projects.

4.2. A Greater Amount of Loss of Ecosystem Services on State-Owned Farms than Private Farms
in China

Our study area, as the ecological security barrier area and the grain production base
in China, has significant economic and ecological value. Due to the demand of food for
population growth, lots of forests, grasslands, and, wetlands in Sanjiang Plain have been
reclaimed into agricultural land [59]. Relevant studies have shown that the increase in
cultivated land was 38,554.64 km2 in 1954–2005 and 2510 km2 in 2000–2015 [47], while
the cultivated land area increased by 12,447.56 km2 during 1990–2020 in this study, with
an increase of 19,708.40 km2 in paddy fields and a decrease of 7260.85 km2 in upland
crops. Rapid increases in cultivated land and corresponding changes in planting structure
have caused obvious reduction in lands with high ecosystem service value, such as forests,
wetlands, and grasslands. In addition, a series of agricultural engineering, such as land
reclamation projects and farmland water conservancy projects, altered the changes in
ESV’s structure and function, causing continuous decline in the ecosystem service of
Sanjiang Plain.

For ESV in different land management system regions, we further found that on private
farms, ESV decreased continuously from 248.19 × 109 yuan to 232.86 × 109 yuan, with a
loss rate of only 6.18%, which was much lower than the average level of the whole study
area. However, on state-owned farms, ESV decreased continuously from 90.43 × 109 yuan
to 63.16 × 109 yuan, with a loss rate as high as 30.15%, which was much higher than the
average level of the whole study area. The data indicated that the ecological loss was
4.88 times on state-owned farms than that of private farms. The common land change
characteristics of both regions were the increase in cultivated and construction lands with
low ESV, and the decrease in forest, grassland, water area and wetland with high ESV.
However, the difference was that cultivated land expansion on state-owned farms was
featured by a sharp increment in paddy fields and a decrease in upland crops, while on
private farms, both paddy fields and upland crops were featured by gentle growth features.
More loss of forest, grassland, wetland, and upland crops further led to larger ESV loss on
state-owned farms.

Furthermore, we also found that the amount of ecosystem service loss experienced on
state-owned farms and private farms changed differently through the comparison of the
amount of change in ecosystem service at different time periods. On state-owned farms, the
amount of ecosystem service loss was divided into −14.35 × 109 yuan, −11.91 × 109 yuan,
and −1.01 × 109 yuan in 1990–2000, 2000–2010, and 2010–2020, showing a continuous down-
ward feature. While on private farms, the corresponding value was −14.11 × 109 yuan,
−0.0078 × 109 yuan, and −1.14 × 109 yuan, showing a W-shaped loss feature. The stage-by-
stage comparison of the process of ecosystem service change in different land management
system regions provided a procedural reference for balancing grain security and ecologi-
cal environment protection, scientifically formulating land-use strategies and ecosystem
service synergy.

4.3. Compared the Ecosystem Service Changes in Sanjiang Plain to Other Regions

Firstly, we conducted comparative experiments to check the improvement effect of
the method in this study. One group of experiments used the original method to evaluate
ecosystem service values (i.e., construction land is designated as desert), while another
group of experiments used our research method to evaluate ecosystem service values (i.e.,
construction land is divided into impermeable surface area, green space, bare soil, and
water body). We find that the method used in this study can improve the accuracy by 3.95%.

Then, we further compared the ecosystem service value (ESV) changes in the Sanjiang
Plain with other regions. In this study, the loss ratio of the ESV of Sanjiang Plain is 12.58%
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(i.e., 0.42%/yr) from 1990 to 2020. This loss ratio varies at different stages, namely 0.84%/yr,
0.35%/yr, and 0.06%/yr from 1990 to 2000, 2000 to 2010, and 2010 to 2020, respectively.
We first compared this result with Northeast China, as the Sanjiang Plain is located in
Northeast China. The ESV loss ratio of Northeast China is 1.89%/yr from 2000 to 2020,
but specifically 1.54%/yr in 2000–2010 and 0.35%/yr in 2010–2020 [60–62]. The data show
that the ESV loss rate of Sanjiang Plain is higher 2.32%/yr in 2000–2010 and 0.28%/yr in
2010–2020 than that of Northeast China, respectively. Meanwhile, in terms of the changes
in the total ecological and economic measurement (i.e., money), the rate in the Sanjiang
Plain accounting for the entire northeast region is 26.01% from 2000 to 2020; if we use the
original method to evaluate, this value is around 22%. Therefore, the ESV rate of Sanjiang
Plain is higher than Northeast China. In the whole of China [60,61], the terrestrial ESV in
China decreased by only 0.037%/yr in 1988–2000 and by only 0.013%/yr in 2000–2008, but
the loss rate was 0.84%/yr and 0.35%/yr in 1990–2000 and 2010–2020 in Sanjiang Plain.
This means that the ESV loss rate in Sanjiang Plain is approximately 22.70~27.24 times
higher than China. The drastic decrease in ESV in Sanjiang Plain can be mainly attributed to
decreases in areas of high value per hectare biomes such as forests and wetlands compared
to other regions of China. Therefore, the entire region of China shows a trend of decreasing
ecosystem services. The loss rate is China < Northeast China < Sanjiang Plain. In addition,
we searched for changing trends in global ecosystem services. According to the relevant
literature [63], global ecological service also showed a downward trend from 1997 to 2011.
This period coincides with the 2000–2010 period of this study.

4.4. Differences in Environmental Effects and Socio-Ecological Implications of Different Land
Changes in Different Land Management System Regions

This study took the land change as a clue to analyze the differentiated features of “land
use–landscape–ecosystem services” between different land system management regions of
Sanjiang Plain, which may bring about different eco-environment effects. Firstly, it showed
that the paddy fields changed the effect of the surface radiation energy balance in different
land management system regions [64]. The increment of paddy fields was 13,788.33 km2

on state-owned farms, but it was only 5920.08 km2 on private farms. More than 87% of
its sources were from the transformation of upland crops, and this transformation mainly
occurred on state-owned farms, which may bring more eco-environmental effects. Relevant
studies have shown that rice affected land-surface temperature in the form of affecting
the surface albedo, evapotranspiration, heat convection, and atmospheric boundary layer
height due to it living in waterlogging for a long time; that is, paddy fields had a cooling
effect when a large amount of upland crops was converted into paddy fields [65,66]. It
was worth noticing that a large number of “upland crops to paddy fields” processes
could also cause a decrease in groundwater levels, which may alter more flow states of
groundwater on state-owned farms than private farms. Secondly, the different changes
in ecosystem service of state-owned and private farms also had different impacts on the
environment. From 1990 to 2020, the ecological loss was 4.88 times on state-owned farms
than that of private farms, meaning that serious ecosystem loss has occurred on state-owned
farms. This was very closely related to the lots of reclaimed wetland to cultivated land.
According to our calculations, the reduction in ecosystem service value due to wetland
loss was 21.29 × 109 yuan on state-owned farms. Large-scale cultivation of wetland has
changed various functions, such as flood control, climate regulation, carbon sequestration,
biodiversity maintenance, soil quality, and groundwater [27,67]. As a result, regional
ecological vulnerability may have increased more on state-owned farms than private farms.

Ecosystem service has wide socioeconomic value. For example, it provides the neces-
sary basic materials for agricultural production, such as soil environment and moisture,
which ensures the sustainability of agricultural activities. This socioeconomic function is
very significant for Sanjiang Plain, which is a national-level commodity grain production
base. Ecosystem service also has important eco-economic functions in tourism, leisure, and
culture, such as high-density forest areas that can provide people with sufficient oxygen,
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forming an environment like an oxygen bar. A high-concentration oxygen environment
can promote blood circulation and improve human well-being, and further increase the
mood for leisure. In addition, ecosystem service acts as an essential role in flood resis-
tance, regulating runoff, water conservation, maintaining ecological balance, and protecting
biodiversity, which provides the ecological security guarantees for human society.

4.5. Research Shortcomings and Future Prospects

This study addresses the underestimating issue of ecosystem service value assessment,
due to the construction land being regarded as a desert ecosystem. A remote-sensing
classification method and manual correction way are utilized to classify construction land
into impervious surface area, forest land, grassland, water land, and bare soil. After that,
the ecosystem services of construction land are evaluated and added to the entire regional
ecosystem. Then, we found a new finding that more loss happened on state-owned farms
than that of private farms (i.e., 30.15% vs. only 6.18%). This is the first report on research
in this field. But, the ecosystem service value assessment in this study is mainly based on
statistical models. Regarding the limitations of this method, in future research, we plan
to use a combination of statistical models, spatial simulation models, and experimental
observations to provide more in-depth and comprehensive research on ecosystem service.
Further, this study focuses on the theme of “differentiated impacts of land-use changes
on landscape and ecosystem services under different land management system regions in
Sanjiang Plain of China from 1990 to 2020”. Considering the drastic land-use changes and
the different land management system in the Sanjiang Plain, the impact of land change
on surface water and groundwater needs to be explored, as an extensive expansion of
paddy fields and the loss of upland crops, forest land, and grassland. The contents of
carbon emissions and biodiversity also need to be clarified due to the methane from paddy
fields and the loss of wetlands. In addition, the systematic connection of “land–food-water
resources-surface radiation energy balance” should also be explored for the sustainable
development goals, especially in state-owned farms and private farms.

Furthermore, the trade-off between agricultural production activities and ecosystem
services should be deeply discussed and studied in the Sanjiang Plain, as this is an im-
portant topic for the research on human activities and ecological environment sustainable
development. In this study, we find a higher loss rate for state-owned farms than for
private farms (i.e., 30.15% vs. only 6.18%). This means that the ecosystem service issue of
state-owned farms is more urgent. According to our investigation, the land patches are
flatter and the mechanization level of agricultural sowing, supervision, and harvesting
are higher on state that private farms. The consumption of energy by a large amount of
machinery may have a more severe impact on ecosystem services, such as a large amount
of carbon dioxide emitted by gasoline vehicles, a large amount of charging places required
by electric machineries, and lots of cement pavement parking and houses on state-owned
farms. Further, we monitored that state-owned farms have more and larger-scale paddy
fields. Due to the release of methane from paddy fields compared to forests and grasslands,
the impact of paddy fields on greenhouse gas emissions is more severe. Considering that
state-owned farms have a strategic function of prioritizing food production, we suggest on
the background of maintaining basic food function on state-owned farms; the trade-off issue
of ecosystem services for a more modern and more covers of paddy fields on state-owned
farms should be also studied in the future. And, for the private farms, due to the loss of
ecosystem services being only 6.18%, the trade-off issue of ecosystem services and grain
production activities may be easier to achieve. Therefore, the sustainable development path
in private farms should be explored.

5. Conclusions

This study investigates the comprehensive changes in “land use–landscape–ecosystem
service” in Sanjiang Plain of China and compares their differences on state and private
farms through improving the ecosystem model. The data source is easy to obtain and
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research methods can be widely used, and thus, the results are generalizable to other
regions. The main conclusions of this study are below.

(1) For land use, the changing amount in areas of cultivated land, forest land, grassland,
water area, construction land, and unused land from 1990 to 2020 were +12,447.56 km2,
−3308.62 km2, −6030.86 km2, −475.81 km2, +403.25 km2, and −3037.27 km2, indicating
that the increase in cultivated land was the main type of land changes. Although the
increasement in cultivated land between state-owned farms and private farms were nearly
equivalent from 1990 to 2020 (i.e., 6156.70 km2 vs. 6290.86 km2), there were obviously
differences in the internal structure changes in cultivated land. Namely, on state-owned
farms, paddy fields increased continuously from 3466.48 km2 to 17,254.81 km2, with a
net change of +13,788.32 km2, showing a rapid growth feature; by contrast, upland crops
decreased from 16,436.09 km2 to 8804.47 km2, with a net change of −7631.62 km2, showing
a rapid decrease feature. On private farms, both paddy fields and upland crops displayed
increasing characteristics, with increments of 5920.08 km2 and 370.78 km2. Data indicated
that whether it was paddy fields or upland crops, their amount was greater on state than
private farms.

(2) For landscape, at the landscape scale, on state-owned farms, SHDI decreased by
9.88%, indicating that landscape richness decreased and integrity increased. Land pattern
dominated by the rapid expansion of paddy fields has led to the increase in landscape
aggregation (AI = +0.43%) and in the spatial spread of land-use types (IJI = +4.27%), with
a trend towards the simplified landscape shapes (LSI = −13.30%). However, on private
farms, a 0.63% increase in SHDI predicted a more abundant and fragmented agricultural
landscape. The continuous encroachment of paddy fields and upland crops on surrounding
land-use types resulted in a decrease in landscape integrative aggregation (AI = −0.56%),
a more complex shape among land patches (LSI = +23.3%), and an increased proximity
between individual land types (IJI = −4.28%). At land type scale, changes in various
landscape indicators were obviously increased in paddy fields on state-owned farms, and
in both paddy fields and upland crops on private farms, but the complexity and advantages
of other land landscapes were reduced in both regions.

(3) For ecosystem service, the ecosystem service of Sanjiang Plain changed from
338.62 × 109 yuan in 1990 to 296.03 × 109 yuan in 2020, with a loss rate of 12.58%. A more
rapid loss rate was monitored on state-owned farms (30.15%) than private farms (only
6.18%). In various ecosystem service indicators, although hydrological regulation also
displayed the advantage on state-owned farms, its value was much lower than that of
private farms, with a difference of 72.90 × 109 yuan.
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