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Abstract: Timely cropland information is crucial for ensuring food security and promoting sustainable
development. Traditional field survey methods are time-consuming and costly, making it difficult
to support rapid monitoring of large-scale cropland changes. Furthermore, most existing studies
focus on cropland evaluation from a single aspect such as quantity or quality, and thus cannot
comprehensively reveal spatiotemporal characteristics of cropland. In this study, a method for
evaluating the quantity and quality of cropland using multi-source remote sensing-derived data
was proposed and effectively applied in the black soil region in Northeast China. Evaluation results
showed that the area of cropland increased significantly in the study area between 2010 and 2018,
and the proportion of cropland increased by 1.17%. Simultaneously, cropland patches became larger
and landscape connectivity improved. Most of the gained cropland was concentrated in the northeast
and west, resulting in a shift in the gravity center of cropland to the northeast direction. Among
land converted into cropland, unused land, grassland, and forest were the main sources, accounting
for 36.38%, 31.47%, and 16.94% respectively. The quality of cropland in the study area generally
improved. The proportion of low-quality cropland decreased by 7.17%, while the proportions of high-
quality and medium-quality cropland increased by 5.65% and 5.17%, respectively. Specifically, the
quality of cropland improved strongly in the east, improved slightly in the southwest, and declined
in the north. Production capacity and soil fertility were key factors impacting cropland quality with
obstacle degrees of 36.22% and 15.64%, respectively. Overall, the obtained results were helpful for a
comprehensive understanding of spatiotemporal changes in cropland and driving factors and can
provide guidance for cropland protection and management. The proposed method demonstrated
promising reliability and application potential, which can provide a reference for other cropland
evaluation studies.

Keywords: cropland evaluation; cropland quality; spatiotemporal changes; remote sensing; black
soil region; Northeast China; cropland protection

1. Introduction

Cropland is a crucial agricultural resource and the basis for maintaining human
survival and development and ensuring food security [1-3]. However, as the economy
develops and the population increases, pressure on the production and utilization of
cropland is increasing [4,5]. This leads to cropland loss and degradation, which has become
an agricultural issue of global concern [6,7]. Monitoring and evaluation of cropland change
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are urgently needed [8-11] to provide a basis for formulating cropland protection policies
and support for sustainable utilization of cropland resources and sustainable social and
economic development.

Recently, the evaluation of spatiotemporal changes in cropland has become a research
hotspot. In terms of the quantity of cropland, some studies used survey and monitoring
data to assess the spatiotemporal distribution patterns of cropland. Potapov et al. [12]
analyzed global cropland area and extent changes in the twenty-first century. Hu et al. [13]
identified the global spatiotemporal pattern of cropland expansion and intensification from
2000 to 2010. In addition to quantity, the landscape and fragmentation patterns of cropland
were also measured. For instance, Yu et al. [14] characterized cropland fragmentation
patterns in China, and Raab et al. [15] detected the degree and timing of cropland fragmen-
tation in Central Asia. The driving forces of cropland change were also further explored.
Zaveri et al. [16] identified the impact of rainfall anomalies on global cropland expansion.
Ojha et al. [17] reviewed the drivers of abandoned croplands in Nepal. In terms of the
quality of cropland, a multi-level indicator system was constructed to evaluate cropland
quality. Song et al. [18] proposed a cropland quality evaluation system from the perspective
of the ecosystem. Recently, machine learning methods have been gradually incorporated
into cropland quality evaluation studies. Ye et al. [19] utilized the K-means algorithm
to assess the clustering characteristics of cropland quality indicators. Li et al. [20] lever-
aged the random forest method to identify cropland quality grades in Shandong Province,
China. However, most existing studies on the evaluation of cropland changes focus on a
single aspect such as quantity or quality, which cannot be used to comprehensively reflect
spatiotemporal characteristics of cropland.

Remote sensing technology provides an efficient data acquisition means for the mon-
itoring of cropland changes. Traditional field survey and measurement methods are
time-consuming, laborious, costly, and easily affected by the natural environment, making
it difficult to obtain data [21]. Simultaneously, the accuracy and representativeness of
field-collected data also face challenges including subjectivity and spatial limitations [22].
In contrast, using remote sensing technology to obtain cropland monitoring data shows
advantages. Remote sensing data have wide coverage and can provide large-scale and
refined cropland monitoring information. With remote sensing data, Gumma et al. [23]
produced multiple cropland maps in South Asia, and Qiu et al. [24] developed a national-
scale map of cropped fields and abandoned cropland in China. Moreover, the acquisition
of remote sensing data is less restricted and can provide information on areas that are diffi-
cult for humans to reach. Hong et al. [25] mapped cropland abandonment in subtropical
mountainous areas with remote sensing data. Furthermore, remote sensing data has the
characteristics of a short acquisition period and high time frequency, which can support
rapid monitoring and long-term analysis of cropland changes. Using remote sensing data,
Pancorbo et al. [26] monitored changes in cropland use during a drought in Central Valley,
California, and Wang et al. [27] analyzed the long-term influence of reclamation on soil
organic carbon in the black soil region of China. Integrating multi-source remote sensing is
generally more promising for realizing comprehensive cropland monitoring by providing
multi-dimensional information. Duan et al. [28] utilized multi-source remote sensing data
to evaluate the spatiotemporal pattern of cropland quality in Guangzhou, China.

The black soil region in Northeast China is one of the four global black soil regions [29].
As an important base of grains such as corn and rice, its annual grain production accounts
for about one-fifth of the total produced in China [30]. However, due to unsustainable use
and over-cultivation by humans in recent years, cropland has been seriously degraded [31].
Changes in the cropland in the black soil region in Northeast China have a significant
impact on national food security. Therefore, it is of vital importance to assess spatiotem-
poral variations in cropland and the driving factors in the black soil region in Northeast
China. However, as described above, traditional field survey methods are time-consuming
and costly. To address this challenge, a method for evaluating the quantity and quality
of cropland that integrates multi-source remote sensing-derived data was proposed in
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this study. Compared with traditional methods, it enables large-scale rapid monitoring of
cropland changes and helps provide a comprehensive understanding of the spatiotemporal
characteristics of cropland. Specifically, land cover monitoring data from China’s National
Land Use and Cover Change (CNLUCC) dataset was utilized to analyze quantity charac-
teristics of cropland and the conversion sources and destinations. Combining multi-source
remote sensing-derived data such as topography, vegetation index, and productivity, a
multi-dimensional indicator system was constructed to evaluate the spatiotemporal pattern
of cropland quality and identify major obstacles. The proposed method was validated and
applied in the black soil region in Northeast China. The specific aims of this study were:
(1) to develop a comprehensive method for cropland change evaluation using multi-source
remote sensing and to validate its effectiveness and reliability in large-scale applications
and (2) to reveal the spatiotemporal characteristics of cropland quantity and quality in the
study area and to explore potential driving and obstacle factors. The proposed method can
provide a reference for other studies on large-scale evaluation of cropland changes, and the
obtained results can support cropland protection.

2. Materials and Methods
2.1. Study Area

The study area, the black soil region in Northeast China, is located at 115°22'-135°15" E,
38°32/-53°47' N, with an area of 1,240,058.30 km?2. It has a flat terrain with a mean elevation
of 447.07 m. The main soil type of cropland in this region belongs to black soil rich in
organic matter. The study area is mostly situated in the temperate zone, with an annual
mean temperature (MAT) of 20.34 °C. The mean annual precipitation (MAP) is 536.84 mm,
mainly concentrated in July, August, and September. According to the differences in soil
types, the study area can be divided into six zones (as shown in Figure 1) including the
black and dark brown soil zone in low foothills of the Xiaoxing’an Mountains (Zone I), the
brown and black soil zone in Liaoche Plain (Zone II), the white mud soil zone in Sanjiang
Plain (Zone III), the black soil calcareous zone in Songnen Plain (Zone 1V), the western
semi-arid zone (Zone V), and the dark brown soil zone in a low hilly area of Changbai
Mountain (Zone VI).
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Figure 1. The geographical location of the study area in the black soil region in Northeast China. The
elevation in the study area is shown in the background. I to VI refer to zones by soil type.
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2.2. Data Source

To evaluate spatiotemporal changes in the cropland in the study area, multi-source
remote sensing-derived and auxiliary data were integrated. Details of used data are listed
in Table 1. All source data were resampled to a 30 m spatial resolution to unify the
analysis unit.

Table 1. List of data used in this study.

Category Data Source Spatial Resolution Time
Land cover CNLUCC dataset 30 m 2010, 2015, 2018
NDVI Landsat Level-2 surface reflectance data 30 m 2009-2011, 2014-2016, 2017-2019
NPP MODIS MOD17A3 product 500 m 2009-2011, 2014-2016, 2017-2019
Topography SRTM DEM data 30 m 2000
Soil HWSD ~1 km 2009
Road OSM data - 2010, 2015, 2018
Climate WorldClim data ~1 km 1970-2000

2.2.1. Remote Sensing Data

This study used remote sensing-derived data and products including land cover,
the normalized difference vegetation index (NDVI), net primary production (NPP), and
topography data.

The CNLUCC datasets from 2010, 2015, and 2018 were utilized to obtain information
on the area and distribution of each land cover class including cropland in the study area.
The dataset was produced by the Resource and Environmental Science Data Center of
the Chinese Academy of Sciences. Its classification system (Table 2) contains six level-1
classes including unused land, built-up land, water bodies, grassland, forest, and cropland,
among which cropland is classified into two classes including paddy cropland and dry
cropland. The dataset was mainly developed based on the visual interpretation of 30 m
Landsat data. Its level-1 and level-2 national overall accuracies reached over 94% and 91%,
respectively [32].

Table 2. The land cover classification system used in the CNLUCC dataset.

Land Cover Class Descriptions

Cultivated lands for crops, including paddy cropland and dry cropland.
Paddy cropland refers to cropland that has enough water supply and
Cropland irrigation facilities for planting paddy rice, lotus, etc.
Dry cropland refers to cropland for cultivation without water supply and
irrigating facilities.

Forest Lands growing trees including arbor, shrub, bamboo, and forestry use.
Grassland Lands covered by herbaceous plants with coverage greater than 5%.
Lands covered by natural water bodies or lands with facilities for irrigation
Water body

and water reservation.

Lands used for urban and rural settlements, factories, and
transportation facilities.

Unused land Lands that are not put into practical use or are difficult to use.

Built-up land

NDVI data calculated based on Landsat satellite images was used to reflect soil fer-
tility of cropland in the study area. The 30 m Landsat Level-2 surface reflectance data
in 2009-2011, 2014-2016, and 2017-2019 from three sensors including Landsat 8 Opera-
tional Land Imager, Landsat 7 Enhanced Thematic Mapper Plus, and Landsat 5 Thematic
Mapper were used. All available Landsat images were provided by the United States
Geological Survey. Each Landsat image was atmospherically corrected using the Landsat
Ecosystem Disturbance Adaptive Processing System [33]/Land Surface Reflectance Code
algorithm [34] and included mask information calculated using the C Function of Mask
algorithm [35]. After masking out clouds and cloud shadows, the NDVI was calculated. To
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reduce the influence caused by sensor differences, the obtained NDVI data was further cor-
rected according to the transformation parameters in [36]. Specifically, the transformation
parameters were derived using ordinary least squares regression. The formula for NDVI is

expressed as follows:

NIR — Red
DVl= ———— 1
N NIR + Red @)

where NIR and Red refer to near-infrared and red bands, respectively.

The Moderate Resolution Imaging Spectroradiometer (MODIS) NPP product was
utilized to characterize cropland productivity. NPP refers to the rate of the accumulation of
energy in the form of biomass, which helps reflect the production capacity of cropland [37].
Simultaneously, time-series NPP data are highly available, which makes it advantageous
for use in evaluating cropland changes. The MOD17A3 Terra NPP product was provided
by the National Aeronautics and Space Administration (NASA) Land Processes Distributed
Active Archive Center [38]. It includes annual NPP information in 2009-2011, 2014-2016,
and 2017-2019 at a 500 m spatial resolution.

In addition, the data from the 30 m Shuttle Radar Topography Mission (SRTM) dig-
ital elevation model (DEM) [39] were utilized to extract topography information on the
cropland in the study area. These data were acquired in 2000 by NASA.

2.2.2. Auxiliary Data

The other auxiliary data used in this study include soil, road, and climate data. The
Harmonized World Soil Database (HWSD) [40] was used to obtain soil texture information
on the cropland in the study area. It was collected by the Food and Agriculture Organi-
zation of the United Nations in 2009, with a spatial resolution of 30 arc-seconds (~1 km).
Simultaneously, OpenStreetMap (OSM) data from 2010, 2015, and 2018 were used to evalu-
ate road accessibility of the cropland in the study area. These data were generated with
a community-based, freely available map service [41]. WorldClim data was utilized to
reflect climate conditions in the cropland area. It was developed by spatial interpolation
of weather station data based on the thin plate spline method [42]. It provides global
average monthly temperature and precipitation data from 1970 to 2000 at a 30-arc-second
spatial resolution.

2.3. Evaluation of Changes in Cropland Quantity
2.3.1. Statistics on Cropland Area and Land Cover Conversion

Using the CNLUCC data, the area and proportion of each land cover class were
counted by time (2010, 2015, and 2018) to reveal the overall land cover structure. A
land cover conversion matrix for different periods (2010-2015, 2015-2018) was calculated
to reflect the transfer between cropland and other land cover classes. Furthermore, for
cropland, the loss, gain, and net change in paddy cropland and dry cropland were counted
by soil type zone and period.

2.3.2. Analysis of Spatiotemporal Patterns of Cropland

With CNLUCC data, a standard deviational ellipse [43] of cropland distribution was
created by time. The standard deviational ellipse measured the central tendency, dispersion,
and directional trends of geographic features, which helped to describe spatial distribution
characteristics of cropland. Specifically, central locations of cropland patches were extracted,
and the weighted standard deviational ellipse was calculated with patch area as the weight.

Using the hot spot analysis method, clusters including hotspots and cold spots in crop-
land change patterns were revealed. First, spatial patterns of cropland changes including
gain and loss in the study area were extracted by period. Counties were used as units to
summarize and count the area of cropland change. Finally, the Getis—Ord local statistic [44]
for each unit was calculated to identify statistically significant clusters of low values (cold
spots) and high values (hot spots) of cropland change area.
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Based on the landscape index [45], changes in the fragmentation of cropland patches
were characterized by soil type zone and time. Three indexes including the mean area
(AREA), shape index (SHAPE), and contiguity index (CONTIG) of cropland patches in
the study area were calculated. Among them, AREA reflects the size of cropland patches,
SHAPE measures the complexity of cropland patches, and CONTIG evaluates the connec-
tivity of cropland patches. The formulas for the three indexes are as follows:

n .
AREA = Zi=177¢i 2)

n 0.25pi

» _
SHAPE — IT VaTe €)

]
n ﬂ!f?ﬂi

CONTIG = lﬂ% 4)

where area; and p; are the area and perimeter of cropland patch i, respectively. # is the
number of cropland patches. c;, is the contiguity value for pixel r in cropland patch i, z is
the number of pixels in cropland patch i, area; is the area of cropland patch i in terms of
the number of pixels, and v is the sum of surrounding contiguity values.

In addition, with topography and climate data, changes in the environmental char-
acteristics of cropland distribution were analyzed. Specifically, the mean MAP, MAT, and
elevation of cropland area were evaluated statistically by soil type zone and time.

2.4. Evaluation of Changes in Cropland Quality
2.4.1. Indicator System for Cropland Quality Evaluation

Referring to relevant cropland quality evaluation standards and previous studies [28,46],
and considering data availability in the study area, cropland quality evaluation indicators
were selected from aspects such as natural conditions, soil fertility, construction level, and
cropland productivity. The constructed indicator system for cropland quality evaluation
using multi-source data is listed in Table 3. To evaluate the natural conditions of cropland,
the most commonly used indicators including terrain slope and surface soil texture [47]
were used. To characterize soil fertility and its variation, the mean and coefficient of
variation for the cropland NDVI during the crop growth period were calculated for three
consecutive years [20]. According to previous studies from the study area, a Julian date of
150-270 was used as the crop growth period in a year [48]. Distance to roads and patch
contiguity were used to reflect the construction level of the cropland [49]. Among them,
distance to roads stands for the distance from cropland to the nearest road, which indicates
road accessibility. Patch contiguity was measured with the CONTIG landscape index as
previously described. The mean and coefficient of variation for NPP were also utilized to
describe cropland production capacity and its variation [50].

Table 3. The indicator system for cropland quality evaluation.

Target Category Indicator Data Source Impact Range Score Weight
>6° 1
Terrain slope SRTM DEM data - 2-6° 2 0.1179
Natural <2° 3
conditions Coarse 1
Surface soil texture HWSD + Medium 2 0.0778
Cropland Fine 3
quality <0.4 1
Soil fertility + 0.4-0.7 2 0.1523
. .1 >0.
Soil fertility - ton i sl Landsat NDVI data >_1%ozo ?
Varl?hct).rll. 1n soi B 5-10% 2 0.0815
ertility <5% 3
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Table 3. Cont.

Target Category Indicator Data Source Impact Range Score Weight
>2 km 1
Distance to roads OSM road data — 1-2 km 2 0.1201
Construction <1lkm 3
level o <0.8 1
Patch contiguity CNLUCC dataset + 0.8-0.9 2 0.1102
Cropland >0.9 3
quality <0.2kgC/ m? 1
Production capacity + 0.2-0.4 kgC/ m?2 2 0.1966
Cropland MODIS NPP >0.45 kgC/m? 3
producthlty . product >10% 1
Variation in
. . — 5-10% 2 0.1436
production capacity <5% 3

2.4.2. Calculation of Cropland Quality Index and Analysis of Obstacle Factors

Using the constructed indicator system, the cropland quality index was calculated to
comprehensively evaluate cropland quality. First, the weight and impact of each evalua-
tion indicator on cropland quality were determined. The analytic hierarchy process was
combined with the ranking results indicating the importance of indicators by experts to
obtain the weights and then conduct a consistency test on the weights [51]. Then, each
evaluation indicator was graded, assigning 1, 2, and 3 to the low, medium, and high grades,
respectively (Table 3). Among them, the grading of terrain slope, surface soil texture, and
distance to roads referred to the relevant national standards and previous studies [40],
while the grading of other indicators was based on the Jenks grading method [52]. Finally,
the weights and scores of each evaluation indicator were summarized to calculate the
cropland quality index with a range of 1 to 3. Further, the cropland quality index was
classified into grades including high, medium, and low. The formulae for cropland quality
index and grade are as follows:

Q=Y. WixlI ®)
Low,1.0 < Q < 2.1
Qgrade = § Medium,2.1 < Q < 2.4 (6)

High,2.4 < Q < 3.0

where Q is cropland quality index, Qg,q4. represents its grade, and u is the number of
evaluation indicators. W; and I; are the weight and score of the i-th evaluation indica-
tor, respectively.

With the calculated Q and Q4. results, mean values of the cropland quality index
were calculated by soil zone type and time, and the spatial maps of cropland quality grades
were created. For the unchanged cropland area (of no conversion to other land cover
classes), spatial distribution and statistics for changes in cropland quality grades were
calculated. For the changed cropland area (of land cover conversion), the quality grades for
gained or lost cropland were depicted and statistics by period were presented.

The obstacle factor diagnosis model was used to analyze factors affecting cropland
quality [53]. The obstacle degree of each evaluation indicator was computed based on
deviation degree and weight as follows:

WiXDl‘

0= =t =1
L (W x D)

x 100% @)

where O;, W;, and D; are obstacle degree, weight, and deviation degree of the i-th evaluation
indicator, respectively. D; = 3 — I;, which represents the difference between the highest
score and the actual score of the i-th evaluation indicator.
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Based on the obtained O; results, the mean values of the obstacle degree of evaluation
indicators were summarized by soil type zone and time, and the main obstacle factors
were reported.

2.5. Accuracy Assessment

To validate the accuracy of used land cover maps, samples were collected. Sample
points covering six soil type zones were randomly generated, and their spatial distribution
is shown in Figure 2. Referring to imagery from Google Earth, the class of each sample
was visually interpreted, and the confidence was recorded [54]. After excluding low-
confidence samples, 1212 high-confidence land cover samples were acquired. Among them,
the number of unused land, built-up land, water body, grassland, forest, and cropland
samples was 42, 136, 176, 184, 330, and 344, respectively. Based on these validation samples,
the confusion matrix of the CNLUCC dataset in the study area was calculated, and the
weighted F1 score (F1), kappa coefficient, and overall accuracy of land cover maps were
assessed [55]. For each land cover class, indicators including F1, user’s accuracy, and
producer’s accuracy were reported.

129"E |2§°E 13?°E

i V\‘f\v

Collected land cover samples
Measured cropland quality points
(1 Zones by soil type

52“’ N

48:’ N

44N

40I°N

Figure 2. The locations of collected land cover samples and measured cropland quality points. I to VI
refer to zones by soil type.

To validate the reliability of evaluated cropland quality results in this study, a com-
parison with field measurements was performed. The measured data came from the
special survey in the Third Land and Resources Survey in China [46]. In the survey, a
comprehensive evaluation of cropland quality was conducted considering aspects such as
topographical conditions, soil conditions, and ecological environment conditions, based on
indicators such as terrain slope, soil pH, surface soil texture, soil organic matter content,
soil thickness, and soil heavy metal pollution. A total of 1303 measured points are depicted
in Figure 2. Differences between measured and evaluated cropland quality grades at these
points were compared to assess the accuracy of evaluation results.

3. Results
3.1. Validation of Cropland Quantity and Quality

Based on the collected land cover samples, the validated accuracy of the CNLUCC
dataset is listed in Table 4. Overall, the CNLUCC dataset had high accuracy, with the overall
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accuracy, kappa, and weighted F1 reaching 90.26%, 87.64%, and 90.30%, respectively. This
demonstrates the potential for using the dataset to reflect the land cover status in the study
area. Among classes, built-up land, forest, and cropland had higher accuracies, with F1
exceeding 90%. Unused land and grassland had slightly lower accuracies, with an F1 of
78.65% and 83.96%, respectively. Regarding the cropland class, the producer’s accuracy,
user’s accuracy, and F1 for cropland were 91.57%, 92.92%, and 92.24%, respectively. In
general, these results reflect the strong reliability of using the CNLUCC dataset to analyze
changes in the quantity of cropland.

Table 4. The validated accuracies of the land cover dataset used in this study.

Water Built-Up Unused  Producer’s  User’s

Class Cropland Forest  Grassland Body Land Land Accuracy  Accuracy F1
Cropland 315 7 9 6 4 3 91.57% 92.92% 92.24%
Forest 10 307 12 0 0 1 93.03% 91.64% 92.33%
Grassland 5 13 157 5 1 3 85.33% 82.63% 83.96%
Water Body 4 7 8 152 2 3 86.36% 92.68% 89.41%
Built-up Land 3 1 2 0 128 2 94.12% 93.43% 93.77%
Unused Land 2 0 2 1 2 35 83.33% 74.47% 78.65%

Overall accuracy = 90.26%

Kappa = 87.64% Weighted F1 = 90.30%

Regarding cropland quality, a comparison between the measured and evaluated results
is shown in Figure 3. The differences between the measured and evaluated cropland quality
grades at most validation points were small. No difference was observed between the
measured and evaluated cropland quality grades for 51.19% of the points. Regarding those
with differences, 20.26% and 20.88% of the points had differences of +1 grade and —1 grade
between the measured and evaluated results, respectively. Furthermore, the proportions
of points with +2 grade and —2 grade differences were 3.76% and 3.91%, respectively.
Overall, 92.33% of the validation points showed relatively high consistency between the
measured and evaluated results, with absolute values of differences < 1 grade, which
indicates the validity of the cropland quality evaluation method utilizing multi-source
remote sensing-derived data.

129“E 12?“E 13?“E

Difference of cropland quality

A\ * -2 grades
«{—\}4 -1 grade
None
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0,5 i &5 y
Z{ e ‘\,\ /) / 0 250 500 km
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Figure 3. Comparison between the evaluated and measured cropland quality grades. The difference
(evaluated grade minus measured grade) is depicted. I to VI refer to zones by soil type.
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3.2. Spatiotemporal Changes in Cropland Quantity

Cropland was one of the most widely distributed land cover classes (Figure 4).
In 2010, 2015, and 2018, the area of cropland reached 37,201,366.17 hectares (30.01%),
37,438,593.39 hectares (30.20%), and 38,654,326.62 hectares (31.18%), respectively. Specifi-
cally, the area of dry cropland (32,165,785.98 hectares in 2018) was more than that of paddy
cropland (6,488,356.50 hectares in 2018). In terms of soil type zones (Table 5), the area of crop-
land/dry cropland was greatest in Zone IV (12,050,140.86 hectares/10,762,635.42 hectares
in 2018) and the least in Zone I (3,086,010.63 hectares/2,759,792.94 hectares in 2018), while
the area of paddy cropland was the greatest in Zone III (2,676,925.35 hectares in 2018) and
the least in Zone V (306,008.73 hectares in 2018).

x 107

Paddy cropland
Dry cropland
Forest
Grassland
Water body
Built-up land
Unused land

I

Area (ha)
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Figure 4. The area of each land cover class in 2010, 2015, and 2018.

Table 5. The area of cropland and its changes between 2010 and 2018 by soil type zone *.

Paddy Dry Cropland Cf:;liﬁ d Cr(zgn d Cropland Cropl'and Cropland Cropland
Zone Cropland Cropland 2010) Change Change Loss Gain Change Change

(2010) (2010) (2010-2018)  (2010-2018) (2010-2018)  (2010-2018)  (2010-2018)  (2015-2018)

I 326,217.69  2,759,792.94  3,086,010.63 118,756.44 305,368.11 606,181.23  1,030,305.78 424,124.55 391,598.19
I 604,632.51  3,385,603.53  3,990,236.04 —77,050.17  —201,181.68  810,652.95 532,421.10 —278,231.85  —264,509.55

I 267692535 3,123,137.70  5,800,063.05  1,253,796.66  —627,835.59  413,493.75  1,039,454.82 625,961.07 484,150.23

IV 128750544 10,762,635.42 12,050,140.86  419,429.79 72,537.03 944,268.75  1,436,235.57 491,966.82 438,488.64

\% 306,008.73  6,292,526.13  6,598,534.86 98,507.34 137,526.03 1,465,326.09  1,701,359.46 236,033.37 182,932.92
VI  1,287,066.78 5,842,090.26  7,129,157.04 —126,159.66 79,571.52 1,439,163.09  1,392,574.95 —46,588.14 —16,621.83
Total 6,488,356.50 32,165,785.98  38,654,142.48 1,687,280.40  —234,014.58 5,679,085.86 7,132,351.68  1,453,265.82  1,216,038.60

* Unit of area: ha.

Between 2010 and 2018, the area of cropland increased by 1,452,960.45 hectares, and
most changes occurred between 2015 and 2018. The area of dry cropland decreased by
234,014.58 hectares, while the area of paddy cropland increased by 1,687,280.40 hectares.
Among them, the loss of dry cropland mainly occurred in Zones II and III, and the gain in
paddy cropland was mainly distributed in Zones I and IV. In general, the dynamic changes
in cropland in the study area between 2010 and 2018 were significant, with the area of
cropland gain and loss reaching 7,132,351.68 hectares and 5,679,085.86 hectares, respectively.
In terms of zones, the dynamic changes in cropland in Zones V and VI were relatively
large. Between 2010 and 2018, the area of cropland loss reached 1,465,326.09 hectares
in Zone V and 1,439,163.09 hectares in Zone VI, and the area of cropland gain reached
1,701,359.46 hectares in Zone V and 1,392,574.95 hectares in Zone VI.

For cropland gain and loss, the land cover conversion sources and destinations of
cropland are shown in Figure 5. Between 2010 and 2018, among land converted from
cropland, the proportions of forest, grassland, and built-up land were high, reaching 37.88%,
24.40%, and 20.42%, respectively. Among land converted to cropland between 2010and
2018, forest, grassland, and unused land accounted for high proportions, reaching 36.38%,
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31.47%, and 16.94%, respectively. In terms of periods, cropland was mostly converted to
built-up land (83.58%) between 2010 and 2015, and cropland was mainly converted to
forest (38.45%) and grassland (24.82%) between 2015 and 2018. Regarding cropland gain,
the main sources between 2010 and 2015 included grassland (32.98%) and unused land
(32.39%), while the largest source between 2015 and 2018 was forest (36.77%).

2015 2015 2018

Unused land @

Built-up land
Water body

Paddy cropland

Unused land
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Built-up land
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Grassland
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Dry cropland Dry cropland

Paddy cropland
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Figure 5. Conversion between cropland and other land cover classes between (a) 2010 and 2015 and
(b) 2015 and 2018.

The spatial pattern of cropland and estimated standard deviation ellipses are drawn
in Figure 6. Cropland was mostly distributed in the southeast, showing a trend in spatial
clustering toward the northeast direction. The gravity center of cropland moved to the
northeast by a distance of 20,865.50 km between 2010 and 2018. Specifically, the gravity
center of cropland moved slightly eastward (by 2782.39 km) between 2010 and 2015 and
moved relatively significantly to the northeast (by 18,160.94 km) between 2015 and 2018.

120°E 126°E 132°E

"1 Cropland (2010)
* Gravity center (2010)
* Gravity center (2015)
* Gravity center (2018)
[ Standard deviation ellipse (2010)
[ Standard deviation ellipse (2015)
[ Standard deviation ellipse (2018)
Cropland change
B Loss during 2010-2015
B Gain during 2010-2015
[ Loss during 2015-2018
771 Gain during 2015-2018
[ Zones by soil type

52°N

48N

44N

40°N

Figure 6. The spatial pattern and estimated standard deviation ellipses of cropland. I to VI refer to
zones by soil type.
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The spatial distribution and clusters of cropland changes are depicted in Figures 6 and 7.
Cropland gain between 2010 and 2018 was widely distributed, mostly situated in the
northeast and west. Among them, hot spots of cropland gain were mainly distributed in
Zone III between 2010 and 2015, and new hot spots of cropland gain appeared in the west
including Zone I and Zone V and in the north of Zone IV between 2015 and 2018. Cropland
loss between 2010 and 2018 was mainly distributed in the west. Specifically, hot spots of
cropland loss between 2010 and 2015 were mainly distributed in Zone V and the south of
Zone IV. Between 2015 and 2018, new hot spots of cropland loss appeared in Zone I and
the north of Zone IV.
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Figure 7. The spatial hot spots indicating cropland changes. Clusters where cropland was gained
between (a) 2010 and 2015 and (b) 2015 and 2018. Clusters where cropland was lost between (c) 2010
and 2015 and (d) 2015 and 2018. I to VI refer to zones by soil type.

The measured fragmentation and environmental characteristics of cropland are listed
in Table 6. Between 2010 and 2018, cropland patches became larger, as the mean area
of cropland patches increased from 602.41 hectares to 649.64 hectares. The regularity in
cropland patches decreased slightly, with the mean shape index increasing from 1.82 to 1.92.
The mean contiguity index of cropland patches increased from 0.50 in 2010 to 0.54 in 2018,
indicating that cropland patches became centrally connected. Regarding the environmental
characteristics, cropland in the study area expanded to higher, cooler, and drier areas.
During 20102018, the mean elevation of the cropland area increased by 1.60 m, the MAT
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of the cropland area decreased by 0.16 °C, and the MAP of the cropland area decreased by

2.45 mm.

Table 6. The fragmentation and environmental characteristics of cropland between 2010 and 2018.

Year AREA (ha) SHAPE CONTIG MAP (mm) MAT (°C) Elevation (m)
2010 602.41 1.82 0.50 544.77 414 239.56
2015 590.25 1.80 0.50 544.51 413 239.06
2018 649.64 1.92 0.54 542.32 3.98 241.16

3.3. Spatiotemporal Changes in Cropland Quality

The cropland quality index presented an overall increasing trend (Figure 8), indicating
that the cropland quality improved between 2010 and 2018. Specifically, the cropland
quality index increased significantly between 2010 and 2015 and decreased slightly between
2015-2018. In terms of soil type zones, between 2010 and 2018, the cropland quality in
Zones 11, V, and VI improved, but the cropland quality in Zone I declined. According
to the evaluation results of cropland quality grades (Table 7), between 2010 and 2018,
the area of high-grade and medium-grade cropland increased by 2,183,332.77 hectares
and 1,937,219.22 hectares, respectively, and the corresponding proportions increased by
5.65% and 5.17%, respectively. In contrast, the area and proportion of low-grade cropland

decreased by 2,667,591.54 hectares and 7.17%.
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Figure 8. Changes in the mean cropland quality index by soil type zone between 2010 and 2018.

Table 7. The evaluation results of cropland quality grades during 2010-2018.

Low Medium High
Yo
ear Area (ha) Proportion (%) Area (ha) Proportion (%) Area (ha) Proportion (%)
2010 18,254,947.05 49.07 15,666,770.88 41.85 3,279,648.24 8.48
2015 13,490,353.89 36.26 18,053,694.63 48.22 5,894,544.87 15.25
2018 15,587,355.51 41.90 17,603,990.10 47.02 5,462,981.01 14.13

The spatial pattern of cropland quality grades between 2010 and 2018 is shown in
Figure 9. In the east (especially Zone VI), high-grade cropland increased, while low-grade
cropland decreased, indicating that cropland quality in this region improved. In the
south (especially Zone V), low-grade cropland decreased, while medium-grade cropland
increased, implying that cropland quality in this region generally improved. Furthermore,
low-grade cropland in the north (especially in Zones I and IV) increased, reflecting a decline

in cropland quality.
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Figure 9. The spatial pattern of cropland quality grades in (a) 2010, (b) 2015, and (c) 2018. I to VI refer
to zones by soil type.

Regarding the unchanged cropland area, changes in the cropland quality grades are
listed in Table 8. Quality grades for over 50% (56.36% between 2010 and 2015, 57.38%
between 2015 and 2018, and 53.71% between 2010 and 2018) of the unchanged cropland
remained unchanged during the study period. The proportions of unchanged cropland
with quality grades increasing by two grades and one grade were 2.58% and 26.92%,
respectively. The proportions of unchanged cropland with quality grades decreasing by
two grades and one grade were 0.98% and 15.81%, respectively. Overall, the proportion
of unchanged cropland with increased quality grades (29.50%) was greater than that with
decreased quality grades (16.79%), which indicates that the quality of unchanged cropland
area improved during 2010-2018.

Table 8. Changes in the quality grades of unchanged cropland area between 2010 and 2018.

—2 Grades —1 Grade Unchanged +1 Grade +2 Grades
Period Area Proportion Area Proportion Area Proportion Area Proportion  Area Proportion
(ha) (%) (ha) (%) (ha) (%) (ha) (%) (ha) (%)
2010-2015 198,122.94 0.53 4,576,222.17  12.34 20,902,960.44  56.36 10,467,263.97  28.22 942,131.70 2.54
20152018  554,137.47 1.74 7,056,694.89  22.15 18,281,586.69  57.38 5,653,71558  17.75 312,842.16 0.98
20102018  309,822.93 0.98 4,983,02523  15.81 16,930,763.83  53.71 8,484,503.67  26.92 812,599.02 2.58
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The spatial distribution of quality changes in unchanged cropland area is depicted
in Figure 10. Overall, unchanged cropland with unchanged quality grades was widely
distributed across the whole study area. Unchanged cropland with increased quality
grades was mostly distributed in the center and south (such as Zones II, IV, V, and VI). In
contrast, the spatial distribution of unchanged cropland with decreased quality grades was
not obvious.

12?°E 12§°E 13?°E

Quality change of unchanged cropland (2010-2018
I -2 grades
[0 -1 grade
Unchanged
+1 grade
I +2 grades
1 Zones by soil type

52°N
1

48°N
L

44N

40°N
L

Figure 10. The spatial characteristics of quality changes in unchanged cropland area between 2010
and 2018. I to VI refer to zones by soil type.

Regarding the changed cropland area (including cropland gain and loss), the cropland
quality grades are listed in Table 9. Lost cropland was mainly of medium and low grades.
For example, between 2010 and 2018, the proportions of lost high-grade, medium-grade,
and low-grade cropland were 3.82%, 14.67%, and 25.84%, respectively. Compared with
the lost cropland area, the proportion of high-grade cropland in the gained cropland area
was higher. For instance, between 2010 and 2018, the area of lost and gained high-grade
cropland was 489,957.30 hectares and 985,881.15 hectares, respectively.

Table 9. The quality grades of changed cropland area (including cropland gain and loss) between
2010 and 2018.

Cropland Loss Cropland Gain
Low Medium High Low Medium High
Period

Area Proportion Area (ha) Proportion Area Proportion Area Proportion Area Proportion Area Proportion

(ha) (%) (%) (ha) (%) (ha) (%) (ha) (%) (ha) (%)
2010-2015  68,915.88 14.77 39,575.43 8.48 6173.64 1.32 131,440.41 28.17 151,323.12 32.43 69,128.64 14.82
2015-2018  2,585,881.35 20.90 2,155,361.13 17.42 838,374.12 6.77 3,325,720.59 26.87 2,534,411.43 20.48 935,217.81 7.56
20102018  3,310,584.93 25.84 1,880,110.26 14.67 489,957.30 3.82 3,462,615.09 27.02 2,685,116.70 20.95 985,881.15 7.69

The spatial characteristics of quality grade changes in the changed cropland areas are
shown in Figure 11. Between 2010 and 2018, high-grade cropland was mainly lost in the
north and south (Zones I and VI), and low-grade cropland was mainly lost in the southeast
and southwest (Zones V and VI). The gained high-grade cropland was mostly concentrated
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120°E

in the east and southeast (Zones III and VI), while the gained low-grade cropland was
mainly concentrated in the center and west (Zones V and VI).
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Figure 11. The spatial characteristics of quality changes in changed cropland areas including (a) lost
cropland area and (b) gained cropland area between 2010 and 2018. I to VI refer to zones by soil type.

The diagnosed obstacle degree for each evaluation indicator to cropland quality is
demonstrated in Figure 12. Overall, production capacity was the biggest obstacle factor to
cropland quality. In 2010, 2015, and 2018, the obstacle degree of production capacity was
34.98%, 37.43%, and 36.22%, respectively. In addition, soil fertility, variation in soil fertility,
and variation in production capacity were also the main obstacle factors to cropland quality.
In 2018, the obstacle degree of the three indicators reached 15.64%, 13.26%, and 12.22%,
respectively. Regarding the change in the obstacle degree, between 2010 and 2018, the
obstacle degree for production capacity and variation in production capacity increased by
1.24% and 2.37%, respectively, while the obstacle degree for soil fertility decreased by 4.39%.
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Figure 12. The obstacle degree for each evaluation indicator of cropland quality by soil type zone in
2010, 2015, and 2018. I to VI refer to zones by soil type.
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The obstacle degree for the evaluation indicators was different among soil type zones.
The indicators for natural conditions showed the highest obstacle degree in Zone VI. For
example, in 2018, the obstacle degree of terrain slope and surface soil texture in Zone VI
reached 15.16% and 11.06%, respectively. In terms of indicators for soil fertility, the obstacle
degree of soil fertility in Zone V was the highest (17.79% in 2018), and the obstacle degree
of variation in soil fertility in Zone VI was the highest (14.75% in 2018). As for indicators
for the construction level, the distance to roads in Zone I and patch contiguity in Zone
VI presented the highest obstacle degree, reaching 5.22% and 5.88%, respectively, in 2018.
Among productivity indicators, production capacity had the highest obstacle degree in
Zone II (40.71% in 2018), while the variation in production capacity had the highest obstacle
degree in Zone IV (15.18% in 2018).

4. Discussion
4.1. Effectiveness of Cropland Evaluation with Multi-Source Remote Sensing

A method using multi-source remote sensing-derived data was used to assess spa-
tiotemporal changes in cropland. Compared with traditional methods based on limited
field measurements, remote sensing is conducive to providing large-scale dynamic moni-
toring data efficiently and helps to obtain more objective and timely cropland evaluation
results [56,57]. The method used in this study with remote sensing data effectively sup-
ported a spatiotemporal evaluation of cropland in Northeast China for nearly a 10-year
period. At the same time, the integration of multi-source remote sensing can provide richer
information, which contributes to a more comprehensive evaluation of cropland [58,59].
In this study, by combining multi-source data including the NDVI, NPP, land cover, and
topography, a multi-dimensional evaluation system for cropland that reflects land cover
change, natural conditions, soil fertility, construction level, and production capacity was
constructed. This system facilitates an in-depth understanding of the characteristics of crop-
land quantity and quality and the driving and obstacle factors. The comparison between
and validation of the interpretation and measurement samples showed that the obtained
cropland evaluation results were relatively accurate and consistent with actual situations.
This further demonstrates the validity and reliability of the cropland evaluation method
with multi-source remote sensing data and its application potential to support cropland
management and decision-making.

4.2. Driving Factors of Spatiotemporal Changes in Cropland

The spatiotemporal changes in cropland are affected by natural and human factors [60].
Among them, natural factors such as temperature, precipitation, moisture, etc., usually have
small variations and are relatively stable. Human factors such as population, economic
development, and policies are more likely to change. The results obtained in this study
demonstrated that between 2010 and 2018, the area of cropland increased, and the quality
of cropland generally improved in the black soil region in Northeast China. According to
statistical data, the population of China increased [61], which likely increased the demand
for food. This possibly caused the net increase in cropland area in the study area, which
is an important grain production base, and promoted conversion of unused land, forest,
grassland, etc., to increase food production and ensure food security. Simultaneously,
the demand for economic development promoted the increase in land development and
utilization intensity [62], leading to cropland degradation and loss. Recently, national and
local governments have strengthened the protection and management of cropland in the
black soil region in Northeast China and launched pilot projects to protect black soil [63].
The implementation of policies such as land consolidation and conservation tillage were
beneficial to the gain and improvement of cropland. Evaluation results in this study also
confirmed the rationality and effectiveness of protection actions in the study area.
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4.3. Measures and Suggestions for Cropland Protection

The research on cropland evaluation and obstacle factor diagnosis carried out in this
study can provide insight and guidance for cropland protection and management in the
black soil region in Northeast China. Although the obtained results presented a generally
improving trend in cropland, cropland quality in some areas, such as the north, declined. In
the future, it is necessary to focus on these areas and increase investment and governance
in cropland. Firstly, to ensure the area of cropland, the cropland requisition-compensation
balance policy [64] should be strictly implemented. At the same time, the phenomenon of
occupying superior cropland while compensating for inferior cropland should be elimi-
nated. Secondly, to improve the quality of cropland, conservation tillage measures [65],
such as the application of organic fertilizers and implementation of crop rotation, should
be promoted. Productivity and soil fertility were key factors affecting cropland quality in
the study area. In this regard, measures such as the application of organic fertilizers and
straw return should be used to improve soil organic matter content and enhance cropland
productivity and stability, and the crop rotation mode can be implemented to promote
fertilization of cropland. In addition, land consolidation efforts should be strengthened to
control the loss of soil, water, and nutrients and curb black soil degradation and fertility
decline. The land cover structure and layout need to be optimized according to local condi-
tions. Finally, relevant laws and regulations on cropland protection should be formulated
and implemented, so as to fundamentally restrict and guarantee the proper use of black
soil resources and promote sustainable and healthy cropland ecosystems in the black soil
region in Northeast China.

4.4. Limitations and Future Work

Some limitations and challenges existed in this study, which need to be further ex-
plored in future work. First of all, although the combination of multi-source data was
advantageous for cropland evaluation, it also showed some uncertainties. For example,
classification errors in land cover maps based on remote sensing can cause some interfer-
ence with the evaluation of cropland resources and land cover conversion processes [66].
Inconsistencies in the spatiotemporal resolution of multi-source data may also affect the
reliability of cropland evaluation results to some degree [67]. In the future, it is necessary to
develop and utilize datasets and products of higher quality, longer time series, and higher
spatial resolution [68] to support cropland evaluation research. Secondly, due to data
acquisition limitations, the indicator system for cropland quality evaluation established
in this study ignored factors such as ecological security and biodiversity. This may lead
to a certain degree of one-sidedness in the evaluation results. Therefore, constructing
a more comprehensive evaluation indicator system for cropland quality is also an issue
worth exploring in future research. In addition, the expert scoring method was utilized
to determine the weights of cropland quality indicators. Although this method utilized
expert experience, it may also introduce subjectivity [69,70]. In the future, machine learning
algorithms can be further introduced to obtain more accurate and objective cropland eval-
uation results [71-73]. Furthermore, comparisons with related studies in a similar study
area [27,74] showed some differences in results. This may be caused by differences in used
data sources and study periods. Cropland analysis and evaluation based on more accurate
and recent (especially since 2018) data [75] are needed in future.

5. Conclusions

In this study, the spatiotemporal characteristics of cropland quantity and quality in
the black soil region in Northeast China between 2010 and 2018 were identified using the
proposed evaluation method with multi-source remote sensing data, and the main factors
affecting the changes in cropland were discussed. The obtained results indicated that:

(1) The area of cropland increased, cropland patches became larger, and cropland patch
connectivity improved. The gained cropland was mostly concentrated in the northeast and
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west, and the gravity center of cropland moved to the northeast. The sources of cropland
gain mainly included forest, grassland, and unused land.

(2) The quality of cropland generally improved. Proportions of high-quality and
medium-quality cropland increased, and the proportion of low-quality cropland decreased.
The quality of cropland improved significantly in the east, improved relatively in the
southwest, and slightly declined in the north. Production capacity, soil fertility, and
variation in soil fertility were main factors affecting cropland quality.

Overall, the results proved the effectiveness of the implemented cropland protection
policies and projects. Simultaneously, the obtained results can further support protection
and management of cropland, and the proposed method can guide cropland analysis
studies in other regions.
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