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Abstract: Accurate identification of maize plantation distribution and timely examination of key
spatial-temporal drivers is a practice that can support agricultural production estimates and development decisions. Previous studies have rarely used efficient cloud processing methods to extract crop
distribution, and meteorological and socioeconomic factors were often considered independently in
driving force analysis. In this paper, we extract the spatial distribution of maize using classification
and regression tree (CART) and random forest (RF) algorithms based on the Google Earth Engine
(GEE) platform. Combining remote sensing, meteorological and statistical data, the spatio-temporal
variation characteristics of maize plantation proportion (MPP) at the county scale were analyzed
using trend analysis, kernel density estimation, and standard deviation ellipse analysis, and the
driving forces of MPP spatio-temporal variation were explored using partial correlation analysis
and geodetectors. Our empirical results in Heilongjiang province, China showed that (1) the CART
algorithm achieved higher classification accuracy than the RF algorithm; (2) MPP showed an upward
trend in more than 75% of counties, especially in high-latitude regions; (3) the main climatic factor
affecting the inter-annual fluctuation of MPP was relative humidity; (4) the impact of socioeconomic
factors on MPP spatial distribution was significantly larger than meteorological factors, the temperature was the most important meteorological factor, and the number of rural households was the most
important socioeconomic factor affecting MPP spatial distribution. The interaction between different
factors was greater than a single factor alone; (5) the correlation between meteorological factors
and MPP differed across different latitudinal regions and landforms. This research provides a key
reference for the optimal adjustment of crop cultivation distribution and agricultural development
planning and policy.
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Agricultural production is an important sector for socio-economic development. Timely
and accurate extraction of crop plantation distribution is important for obtaining agricultural information [1,2]. In addition, agricultural production is highly dependent on climatic
conditions and natural resources [3,4]. Therefore, exploring the changes in agricultural plantation distribution and their drivers are essential for managing crop production, formulating
rational agricultural policies, and ensuring food security under changing climates [5].
There are two major ways to obtain spatial distribution information of crops: (1) the
spatial information of crop area statistics and (2) the extraction of crop spatial distribution
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based on remote sensing image classification. Spatial information in statistics is advantageous due to its simple data processing and good integrability with other types of data.
However, the spatial scale of statistics is limited by administrative units, and the reliability
of data is limited by statistical methods. In addition, the process of obtaining statistics is
labor-intensive and time-consuming, resulting in poor timeliness of the information [6,7].
Remote sensing data has the advantages of high spatial resolution, high timeliness, objectivity, and reliability. Moreover, they are widely used in crop plantation distribution
extraction [8–12]. However, the data processing for long time series and large-scale remote
sensing data is complicated both in terms of methods and computations.
At present, Google Earth Engine (GEE) provides high-resolution remote sensing data,
meteorological data, advanced computing functions, and flexible user interfaces. It has
become a new trend to extract high-resolution crop distributions quickly based on the GEE
platform. For example, based on the GEE platform, Ref. [13] extracted farmland products
at 30-m resolution for Australia and China with an overall accuracy of over 94%; Ref. [14]
applied an automated arable land mapping algorithm using MODIS data to obtain the
extent of arable land in Africa; Ref. [15] integrated Landsat-8 and Sentinel-2 time series
data to extract cropping distribution maps for each China agro-climatic zone. The majority
of these studies showed that multi-source remote sensing data extracted using the GEE
platform could achieve highly accurate crop plantation distribution for supporting further
analyses, whether on temporal changes or their driving forces.
Many studies have focused on the influencing factors of crop distribution. Some studies explored the influence of natural meteorological factors on changes in crop distribution.
For example, Ref. [16] analyzed the impact of meteorological indicators changes on rice
plantation areas in historical and future periods. Ref. [17] studied the effects of temperature
increases on maize plantation distribution in Northeast China. Some studies explored the
influence of socioeconomic factors. For example, Ref. [18] suggested crop distribution area
will increase more in developing countries than in developed countries, and the trends of
crop distribution changes coincide with the trends of population changes. Ref. [19] pointed
out that the concentration of agricultural laborers and the level of mechanization could
explain more than 60% of the spatial differences in China’s crop distribution. However,
meteorological and socioeconomic factors were often considered independently in driving
force analysis and few studies have considered the interaction between socioeconomic
factors and natural meteorological factors. In addition, the analysis scale of the influence of
socioeconomic factors is commonly coarse, such as at the provincial levels, due to the lack
of fine-scale data.
The Northeast China maize belt, the U.S. maize belt, and the Ukrainian maize belt
are known as the three golden maize belts around the world, in which the speed of
climate warming is faster than the global average [20], and they are all located near 45◦ N.
Many studies have found that climate factors have a significant impact on agricultural
production in this latitude zone. Global warming leads to the maize yield in high-latitude
areas increasing, the plantation range moving northward [21], and the growth period
shortening [22]. The maize production in Heilongjiang Province, China, accounts for 60%
of the total maize production in the northeast maize plantation belt. Climate change has
increased the frequency of extreme weather events in this region.
This study takes Heilongjiang Province as the case study area, based on the GEE
platform, and uses remote sensing, meteorological and statistical data comprehensively
to carry out the following research: (1) extracting the spatial distribution of maize in
Heilongjiang Province; (2) exploring the temporal and spatial variation characteristics of
maize plantation distribution at the county level; (3) analyzing the factors in relation to
temporal and spatial variation of maize plantation distribution at the county level using
both meteorological and socioeconomic factors; and (4) comparing and analyzing the
differences of influencing factors across different latitudes and landform regions. This
study can provide concrete evidence to understand the changes and driving forces of maize
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plantation in Heilongjiang, China, and serve as a key reference for other relevant studies
and in other regions, particularly the maize growing belts in the same latitudinal zone.
2. Study Area and Data
2.1. Study Area
The study area is located in Heilongjiang Province, Northeast China (Figure 1). The region is in the mid-high latitudes of China (43◦ N–53.5◦ N and 121◦ E–135.5◦ E), with extensive
arable land and fertile soils. It has a mid-cold temperate continental monsoon climate, with
high summer temperatures, high precipitation, and abundant solar radiation throughout
the year, providing natural resources for crop growth. Heilongjiang Province is a strategic
food security base for China, and its arable land is mainly located in the Songnen Plain in
the southwest, which accounts for 41.7% of the province’s arable land, and in the Sanjiang
Plain in the northeast, which accounts for 32.4% of the arable land. The crops planted in the
region mainly include maize, rice, soybeans, and wheat, with maize accounting for over
40% of all crops. Meanwhile, the region has a typical dryland-rainfed agricultural farming
system, which is highly dependent on climatic conditions. This region is representative
of studying the impact of meteorological factors on crop cultivation in mid-high latitudes,
with the prominent response of global climate change [21] and the increase in the extreme
weather event [23].

Figure 1. Location of the study area.

2.2. Data
The data used in this study mainly include remote sensing and meteorological and
statistical data. Landsat 8 OLI and Landsat 7 ETM+ surface reflectance (SR) data were from
GEE’s public data archive. The above data can be accessed via ‘LANDSAT/LC08/C01/T1_SR’
and ‘LANDSAT/LE07/C01/T1_SR’ in the GEE platform. The spatial resolution of the data
is 30 m, the temporal resolution is 16 days, and the time series covers the period from 2013
to 2020. Chinese land use and land cover (CNLULC) data with a 1-km spatial resolution
and Chinese landform type distribution data at a scale of 1 to 1 million were provided by
the Resource and Environmental Science Data Center of the Chinese Academy of Sciences
(http://www.resdc.cn, accessed on 1 September 2021). Among them, the CNLULC dataset,
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which is published every five years, was used to extract the range of farmland in 2015
and 2020; the Chinese landform type distribution data published in 2009 were used to
classify the landform of the study area into three types: mountainous, hills and plains. The
meteorological data were daily data from surface meteorological stations in China provided
by the China Meteorological Data Service Center (http://data.cma.cn/, accessed on 1
September 2021). The indicators of precipitation amount, sunshine duration, temperature,
atmospheric pressure, wind speed, and relative humidity in this dataset were used in this
study. The statistical data mainly included agricultural production and socioeconomic
statistics at the municipal level in Heilongjiang Province from 2013 to 2020 provided by the
China Bureau of Statistics.
3. Methodology
Figure 2 is the technical flowchart of this study. It mainly includes four steps: (1) remote
sensing data preprocessing; (2) extraction of maize spatial distribution; (3) analysis of spatiotemporal variation characteristics of maize plantation proportion (MPP) at the county level,
and (4) analysis of influencing factors of spatio-temporal variation in MPP.

Figure 2. Technical flowchart of the study.
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3.1. Preprocessing Remote Sensing Data
This study extracted the maize plantation distribution based on Landsat SR data
provided by the GEE public data archive, with Landsat 8 OLI data as the primary data
and Landsat 7 ETM+ data as the secondary data. The data were pre-processed with
decloud processing, image mosaics, and composition. First, the pixels in Landsat 8 OLI
data with clouds, cloud shadows, and medium cloud confidence of cloud contamination
were removed using the quality assessment (QA) band calculated by the C Function of
Mask (CFMASK) algorithm [24]. Then, the Landsat 8 OLI images between 15 May and 30
July of each year were selected, the reflectivity values of multi-phase images were extracted
pixel by pixel, their median values were calculated to obtain a median image, and then the
average deviation between each phase image and the median image was further calculated.
The original image corresponding to the minimum average deviation was then mosaicked
to form the data to be classified, covering the whole study area. If there were still gaps
in the mosaic data, the gaps were filled by the bilinear interpolation method [25] using
the filled Landsat 7 ETM+ SLC-off images. The filled Landsat 7 ETM+ SLC-off images
were obtained by declouding as described above first and then filling SLC-off gaps using
neighboring Landsat 7 ETM+ images on close dates by constructing a linear regression
relationship based on the images’ overlapping parts [26,27].
3.2. Extracting the Maize Planting Distribution
The ee.Classifier.smileCart algorithm and the ee.Classifier.smileRandomForest algorithm provided by the GEE cloud infrastructure API were used for maize plantation
distribution extraction. The ee.Classifier.smileCart algorithm is based on the classification
and regression trees (CART) method. The CART method is a decision tree classification
method used in machine learning proposed by [28]. It can make full use of spatial information to combine multiple feature variables of images and to identify useful information in
complicated data to realize classification, prediction, and mining of unknown data. The
ee.Classifier.smileRandomForest algorithm is based on the random forest (RF) method.
The RF method is an ensemble classifier based on multiple decision trees for training and
prediction proposed by [29,30]. In the RF classifier, each decision tree works as an independent base learner voting for sample predictions, which enables improved generalization
and makes the classification results more reliable. In this study, the ‘maxNodes’ parameter
of smileRandomForest algorithm was set to 13, and the ‘numberOfTrees’ was set to 35
and retained the default values for other parameters after careful consideration of model
accuracy and efficiency. Then, more than 500 samples of maize plantation distribution were
selected each year from 2013 to 2020 by the visual interpretation method, 80% were used
as the training dataset, and 20% were left as the validation dataset. Based on the training
dataset, the above two classification methods were used to extract the maize plantation
distribution at the 30 m resolution, and the accuracy of extraction results was assessed
according to OA and Kappa based on the validation dataset.
3.3. Exploring the Spatio-Temporal Variation in Maize Plantation Distribution
We analyzed the temporal and spatial variation characteristics of maize plantation
distribution from two aspects: on the one hand, we analyzed the change of MPP with time
using the kernel density function and univariate linear regression; on the other hand, we
analyzed the change of MPP in spatial distribution with time using standard deviation
ellipse analysis (SDE) and spatial autocorrelation analysis. The specific steps are as follows:
First, we calculated the MPP in each county in terms of Equation (1), in which Areamaize
and Areacrop refer to the maize plantation area and the farmland area in each county,
respectively. The Areamaize of each county was calculated based on the maize plantation
distribution data derived from Section 3.2. The Areacrop of each county from 2013 to 2017
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was calculated from CNLULC in 2015, while the Areacrop of each county from 2018 to 2020
was calculated from CNLULC in 2020.
MPP =

Areamaize
Areacrop

(1)

Second, through kernel density estimation (KDE), the probability density distribution of
MPP in the study area was calculated year by year, and the inter-annual change in the probability density distribution was analyzed to explore the overall change characteristics of maize
distribution in the study area from 2013 to 2020. KDE is a non-parametric method to estimate
the probability density function (PDF) of a limited number of random variables [31,32]. It
can explore the distribution characteristics of the data without requiring a priori hypothesis
about the data distribution and is independent of the selected interval length, which provides
better continuity of the probability distribution than the conventional histogram method.
Third, the MPP from 2013 to 2020 was fitted county by county using univariate linear
regression. The slope of the univariate linear regression equation reflects the change in
direction and intensity of county-level MPP in the study area from 2013 to 2020 [33].
Fourth, the spatial variation characteristics of MPP in each county with time were
analyzed by SDE. The SDE proposed can reveal the spatial distribution of geographical
elements from multiple perspectives, including the range, shape, direction, and gravity
center of the distribution [34,35]. For example, the gravity center of the ellipse reflects
the core of the spatial element distribution, the axis length of the ellipse represents the
direction of the spatial element distribution, and the shape of the ellipse indicates the level
of dispersion of the spatial element.
Finally, for each study year, we analyzed the overall spatial agglomeration characteristics of MPP through the global Moran’s I index and determined the location of
high/low-value agglomeration of MPP in the study area through the local Moran’s I index.
The inter-annual changes in aggregation characteristics were then compared and analyzed.
3.4. Exploring the Influencing Factors of Maize Plantation Distribution Spatio-Temporal Variation
This study selected a number of influencing indicators to explore the causes of spatiotemporal variation in MPP through partial correlation analysis and geographic detectors.
Among them, the meteorologic indicators include precipitation (PRE), atmospheric pressure
(PRS), relative humidity (RHU), sunshine duration (SSD), temperature (TEM), and wind
speed (WIN); the socioeconomic indicators include agriculture employees (AE), agriculture
gross product (AGP), consumption of chemical fertilizers (CCF), electricity consumed in
rural areas (EC), gross regional product (GDP), irrigated area (IA), land use-land cover
transformation (LUT), number of rural households (NRH), number of rural laborers (NRL),
and percentage of area with flood prevention measures (PAF). Partial correlation analysis
explored the correlation between influencing factors and MPP from a temporal perspective and only analyzed meteorological factors. The geographical detector explored the
spatially stratified heterogeneity of MPP and the influence of each factor on MPP from a
spatial perspective, and the geographical detector analyzed both meteorological factors
and socioeconomic factors. The specific steps are as follows:
First, the average value of the meteorological factor in the growing season (April to
September) was calculated year by year for each station, and then the grid data (30-m
spatial resolution) of the meteorological factor were generated by inverse distance weighted
interpolation. On this basis, the mean values of each meteorological factor were calculated
in each county. After that, partial correlation analysis was used to explore the degree of correlation between each meteorological factor and MPP at the county level in the study area.
Partial correlation analysis is the process that analyzes the correlation degree between two
variables only (Xi and Y) when multiple variables (Xn ) are all correlated with a particular
variable (Y), taking the other variables as control variables. When the number of control
variables is n, the partial correlation coefficient is called the nth derivative partial correlation coefficient. In the process of partial correlation analysis, for the six meteorological
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factors of rainfall, atmospheric pressure, relative humidity, sunshine duration, temperature,
and wind speed, we calculate the fifth-order partial correlation coefficient between one
of the meteorological factors and the MPP in each county by controlling the other five
meteorological factors.
Second, based on the geographic detector, we analyzed the effects of different meteorological factors on the MPP year by year and per month (only in the months of the growth
period, i.e., April to September), and we also analyzed the effects of different meteorological
factors and socioeconomic factors comprehensively on the MPP. We refer to the above three
types of analysis as annual analysis, monthly analysis, and comprehensive analysis. The
geographical detector, i.e., geodetector, is a statistical tool for detecting spatial heterogeneity
(SH), exploring the determinants behind SH, and analyzing the interaction relationships
between determinants [36]. It has been widely used in natural and socioeconomic fields
at different scales [37,38]. In a factor detector, the q-statistic value is used to measure the
spatial heterogeneity of variable Y and how much of the spatial heterogeneity of variable Y
is explained by factor X, with a high q-statistic value indicating a strong explanatory ability.
The q-statistic value is calculated using the following Equation (2):
q = 1−

∑hL=1 Nh σh2
Nσ2

(2)

where h = 1, . . . , L is the strata (classification or partition) of variable Y or factor X; Nh and
N are the numbers of units in layer h and the whole region, respectively; and σh2 and σ2 are
the variance values of Y for layer h and the whole region, respectively.
The interaction detector can be used to evaluate the interaction between different
factors Xs and reveals whether the interactive influence of factors X1 and X2 will increase
or decrease the driving force on variable Y. Similar to the factor detector, the high q statistic
value of the interaction factor indicates its high explanatory ability for the dependent
variable Y. The details are as follows:
1.
2.
3.
4.

Calculate the q statistic values of two factors X1 and X2 : q( X1 ) and q( X2 ).
Overlay the two layers X1 and X2 to obtain the composite layer X1 ∩ X2 .
Calculate the q statistic values of composite layer X1 ∩ X2 : q( X1 ∩ X2 )
Compare q( X1 ), q( X2 ) and q( X1 ∩ X2 )

For the annual analysis, the input data were the average values of meteorological
factors in the maize growing season. The annual analysis was carried out year by year from
2013 to 2020. For the monthly analysis, the input driving factor was the multiyear average
of the meteorological factor for a given month from 2013 to 2020. The monthly analysis was
carried out month by month during the growing season. For a comprehensive analysis, the
input data included meteorological and socioeconomic factors. Meteorological factors were
the same as those used in the annual analysis. Socioeconomic factors were reported at the
municipal level. For each socioeconomic factor, we calculated its average value from 2013
to 2020 in each city.
4. Results
4.1. Maize Plantation Distribution
The CART algorithm has better classification accuracy than the RF algorithm, with
overall accuracy ranging from 0.9444 to 0.9882 and Kappa coefficients ranging from 0.8849
to 0.9761, and the maize is widely planted in both the Songnen and Sanjiang Plain areas.
The detailed classification accuracy and the maize plantation distribution from 2013 to 2020
extracted by the CART algorithm are shown in Table A1 and Figure A1 in Appendix A.
4.2. Spatio-Temporal Variation in Maize Plantation Distribution
4.2.1. Temporal Variation of Maize Plantation
According to the expectations of the kernel density estimation function (Figure 3a),
the MPP between 2013 and 2020 showed a trend of ’double peaks,’ in which the peaks
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were reached in 2015 and 2019, and the lowest value was shown in 2017. According to the
kernel density estimation function between 2013 and 2020 (Figure 3b), the peaks of the PDF
curve in 2019 were mainly distributed in the high-value zone, i.e., the counties with high
MPP were more widely distributed in 2019 than in other years. The curve in 2015 shows a
standard normal distribution, with the center peak at 50%, i.e., the MPP in a large number
of counties was approximately 50%. In 2017, the PDF curve showed a ‘double peak’ feature,
and the main peak was distributed in the low-value zone, i.e., the MPP in 2017 was lower
than those in other years, and there was a significant value gap since a few counties had
significantly lower MPP values than the average in the study area.

Figure 3. The expectations of the kernel density estimation function from 2013 to 2020 (a) and the
kernel density estimation function from 2013 to 2020 (b).

Figure 4 shows the trend analysis results. Overall, the MPP values in over 75% of the
counties showed increasing trends. First, the higher the latitude, the larger the proportion
of counties showing an increasing trend in the maize plantation distribution. Among them,
all counties located at latitudes between 50◦ N–53.5◦ N showed increasing trends in MPP,
and the percentage of counties with increasing trends in MPP of the 46.5◦ N–50◦ N latitude
range was 77%, while this percentage in the 43.5◦ N–46.5◦ N latitude range was lower than
the study area average. Second, the MPP showed similar variation trends in different
landform regions, and the influence of latitude was stronger than that of landform on the
maize plantation distribution.

Figure 4. Linear regression trend of MPP at the county level (a) and the proportion of counties with
increasing or decreasing trend across different latitudes and landform regions (b).
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4.2.2. Spatial Distribution Characteristics and Changes in Maize Plantation
The standard deviation ellipse and ellipse center of the maize plantation distribution
in the study area from 2013 to 2020 are shown in Figure 5. Overall, the spatial distribution
pattern of the maize planted has a northwest-southeast direction. First, the length of the
ellipse long axis (i.e., northwest-southeast direction) changed insignificantly, while the
length of the ellipse short axis (i.e., northeast-southwest direction) increased continuously
from 2013–2017. The ellipse flatness varied at approximately 0.6, and the lowest ellipse
flatness was 0.5936 in 2017. These changes indicate that the maize plantation distribution
in the study area from 2013 to 2017 had a trend of expanding in the northeast-southwest
direction. Among them, the maize planting range was the widest and most dispersed
in 2017. Second, the ellipse center was located at 127.8◦ E, 47◦ N, and the ellipse center
repeatedly shifted in the northeast-southwest direction. For 2013 and 2017, when the MPP
was lower than in other years, the ellipse center was more towards the western side than in
other years; for 2015 and 2019, when the MPP was higher than in other years, the ellipse
center was more towards the southern side than in other years.

Figure 5. Standard deviation ellipse and ellipse center of MPP.

The results of the spatial autocorrelation analysis are shown in Figure 6. The Moran’s
I index of global spatial autocorrelation analysis for MPP from 2013 to 2020 ranged from
0.661 to 0.669, which indicated that the maize plantation distribution in the study area
had obvious spatial clustering characteristics. The results of local spatial autocorrelation
analysis showed that the high-high value clusters of MPP were mainly distributed in the
Songnen and Sanjiang Plains. The counties and cities belonging to the high-high value
clusters were essentially stable, and the MPP values in most of them were higher than
0.80. The low-low value clusters were mainly located in the southeastern areas of the lesser
Khingan mountains and the northern areas of the Greater Khingan Mountains. The MPP
values in most counties and cities in low-low value clusters were less than 0.1. It is worth
noting that Wudalianchi city fluctuated between high-high value clusters and high-low
clusters, with the MPP increasing from 0.38 to 0.43 from 2013 to 2020. Wudalianchi city is
located in the transition zone between the Lesser Khingan Mountains and the Songnen Plain
and is potentially a new maize planting area. In contrast, some counties in Mudanjiang city
located in the western Changbai Mountains have been transformed into unstable low-value
clusters, with the MPP values in this area falling from 58% to 49% and may become a new
maize plantation ‘depression’.
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Figure 6. Spatial autocorrelation analysis of MPP from 2013 to 2020 (a–h).

4.3. Spatio-Temporal Variation in Influencing Factors of Maize Plantation Distribution
4.3.1. Results of the Partial Correlation Analysis
Figure 7 shows the correlation coefficients between different meteorological factors
and MPP inter-annual fluctuation in each county and the proportions of counties with
positive/negative correlations in different latitudes and landform regions. First, the precipitation and atmospheric pressure factors showed negative correlations with the MPP
in more than 60% of counties, the relative humidity factor showed a positive correlation
with the MPP in more than 70% of counties, and the rest of the factors showed positive
or negative correlations with MPP in almost equal percentages of counties. Second, the
correlation between meteorological factors and the MPP differed obviously in different
latitudinal regions and landform regions. As the landform varies from plains to mountains,
the proportions of counties with positive correlations between MPP and precipitation,
atmospheric pressure, and wind speed gradually increased, while the proportions of counties with positive correlations between MPP and relative humidity, sunshine duration,
and the temperature gradually decreased. At latitudes of 50◦ N–53.5◦ N, the number of
counties with a positive correlation between MPP and meteorological factors (excluding
sunshine durations) was higher than the number of counties with a negative correlation.
In most counties at 46.5◦ N–50◦ N latitude, MPP is positively correlated with relative humidity, sunshine duration, and temperature and negatively correlated with precipitation
and atmospheric pressure. In most counties at 43◦ N–46.5◦ N latitude, MPP is positively
correlated with relative humidity and negatively correlated with atmospheric pressure and
wind speed.
In addition, the proportion of counties with a positive correlation between MPP and
meteorological factors (excluding sunshine durations) is higher in the 50◦ N–53.5◦ N latitude
than in the other two regions.
Figure 8 shows the meteorological factor with the largest partial correlation coefficient
with MPP in each county and the frequency of these most relevant factors in different
landform and latitude regions. In the whole study area, the most relevant meteorological
factor with MPP is relative humidity, followed by sunshine durations. The meteorological
factors most related to the MPP vary in different latitudes and topographic areas. In plains
areas, the meteorological factor most related to the MPP is relative humidity, while in
mountainous areas, it is rainfall. The frequency of precipitation and wind speed factors, as
the most relevant meteorological factors, increased significantly with increasing altitude,
while the sunshine duration factor showed the opposite trend. The relative humidity factor,
as the most relevant meteorological factor, mainly appeared in the 43◦ N–50◦ N latitude
region but did not appear in the 50◦ N–53.5◦ N latitude region.
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Figure 7. Correlation coefficient between maize plantation proportion (MPP) and meteorological
factors including precipitation ((a) PRE), atmospheric pressure ((b) PRS), relative humidity ((c) RHU),
sunshine duration ((d) SSD), temperature ((e) TEM), wind speed ((f) WIN) and the proportion of
counties with positive or negative correlation across different latitudes and landform regions.

Figure 8. Dominant relevant meteorological factors (a) and the proportion of meteorological factors
as each county’s most relevant factor across different latitudes and landform regions (b).
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4.3.2. Results of Geographic Detector Analysis
The annual, monthly, and comprehensive analysis results based on the geodetector
are shown in Figure 9. The annual analysis (Figure 9a) reflects the influencing factors of
the spatial difference in MPP in different counties for each year. Overall, the q statistic
value of temperature was the highest, followed by wind speed, and the q statistic value
of wind speed increased along with time. This indicates that temperature was the most
important meteorological factor affecting the MPP spatial distribution, and the impact of
wind speed increased gradually. In addition, there were significant inter-annual differences
in the effects of sunshine duration, relative humidity, and precipitation on the MPP spatial
distribution. Sunshine duration and relative humidity both showed much stronger effects
in 2013, 2016, 2017, and 2019 than those in other years, while the influence of precipitation
was much weaker in 2013 and 2015 than in other years.

Figure 9. Annual (a), monthly (b), comprehensive (c) geographic factor detector analysis and
comprehensive geographic interactive detector analysis (d).

Monthly analysis was used to reflect the impact of meteorological factors in different
months of the maize growing season on the MPP spatial distribution (Figure 9b). The q
statistic value of the temperature factor was the highest among all meteorological factors
from April to July, with the highest value of 0.484 in June, indicating that temperature had
the strongest influence on maize plantation in the early and middle stages of maize growth.
Among all meteorological factors, the q statistic value of wind speed in August was the
highest (0.359), and the q statistic value of sunshine duration in September was the highest
(0.396), indicating that wind speed and sunshine duration had a stronger impact on maize
plantation in the middle and late stages of maize growth. The influence of relative humidity
and precipitation differed in each month of the growing season. The q statistic values of
relative humidity were higher than 0.25 in May–June and below 0.15 in the other months.
The q statistic values for precipitation were 0.328 in June and 0.279 in August, significantly
higher than in other months.
The comprehensive analysis results (Figure 9c,d) reflect the effects of different meteorological and socioeconomic factors on the spatial distribution of MPP. Socioeconomic
factors had a significantly higher driving effect than meteorological factors. The number
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of rural households and the gross regional product were the strongest drivers of socioeconomic factors. Meanwhile, the temperature remained the most important meteorological
factor affecting maize plantations after excluding the influence of socioeconomic factors. In
addition, the interaction between PAF and RHU had the most significant impact on maize
plantation, followed by the interaction between AGP and RHU and the interaction between
AGP and SSD.
5. Discussion
A number of studies have shown that the maize plantation distribution in the study
area is highly correlated with temperature change [17,39,40], and agricultural production
in this area is more sensitive to global climate annual variability [21,22,41–45], as shown in
the results of this study. For the middle- and high-latitude crop plantation belt, on one land,
climate warming increases the heat resources in these areas and widens the area suitable
for crop plantation, which tends to expand to high-dimensional and high-altitude areas.
On the other hand, the respiration of crops will increase with the increase in temperature,
which will accelerate the consumption of nutrients, impact the maturity of crops and limit
the growth of crop yield. Therefore, it is still uncertain whether the gain effect of climate
change on crop distribution in this region can increase crop yield and whether the gain
effect can be sustained or expanded [46,47]. The benefit of increasing temperatures needs to
be used rationally to capture the right timing for sowing and harvesting and to extend the
maize growing season appropriately, which will help to increase maize yields per unit area.
In addition, the negative impact of meteorological factors such as extreme precipitation
and windstorm events on the major maize growing areas suggests that farmers need to
actively apply disaster prevention and reduction measures to face the increasing frequency
of flooding and wind damage and avoid the impact of extreme meteorological events on
crop production.
In contrast to previous studies, we analyzed both the factors affecting the inter-annual
change in maize plantation and the factors affecting the spatial distribution of maize
plantation at the same time. Partial correlation analysis showed that among various climatic
factors, the main climatic factor affecting the inter-annual fluctuation of maize plantations
was relative humidity. Geographic detector analysis shows that among various climatic
factors, the main factor affecting the spatial difference of maize plantation was temperature.
In addition, the interaction between different factors was greater than that of a single factor,
and the impact of socioeconomic factors was greater than that of meteorological factors.
These findings indicate that the impact of climate factors on maize plantations is extremely
complex. The factors that affect the inter-annual change of maize plantations and the spatial
distribution of maize plantations may be different. The method used in this paper can
provide a reference for analyzing the impact factors of inter-annual variation and spatial
distribution of other regions or other crop types.
This study comprehensively uses multi-source data to explore the temporal and spatial
distribution changes and driving forces of maize planting from multiple scales and angles,
which provides a methodological reference for other related studies. However, there are
still shortcomings in this study. Firstly, due to the limitations of data acquisition, some
factors are difficult to capture for quantitative analysis, especially on a fine spatial scale. For
example, many studies have shown that maize price is an important factor affecting maize
plantations [48,49]. In our study area, only provincial data on the maize price index can be
collected. We calculated the average value of annual MPP in Heilongjiang Province, China,
and compared it with the maize price index (Figure 10). There is a significant lag correlation
between the inter-annual fluctuation of maize price and the fluctuation of MPP. However,
it is difficult to use provincial price index data to support the analysis at a fine spatial scale
(such as at the county level). Second, the Heilongjiang land reclamation administration
farm, one of China’s state-owned farms, manages approximately 10% of arable land in
the study area. It is guided by the national agricultural production plan in its production
and management and provides a reference for the professionalization, commercialization,
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and modernization of China’s agricultural production. Some studies show that stateowned farms respond more rapidly and flexibly to changes in agricultural policies and
have more advanced agricultural mechanization and scientific agricultural management so
that human activities (e.g., socioeconomic factors and agricultural policies) have a more
significant impact on their plantation distribution than on smallholder/scattered private
farmland [50,51]. Third, the production of maize is determined by two factors: plantation
area and yield per unit area. This study only focused on the influencing factors of the
distribution of maize planting but did not consider the influencing factors of maize yield
per unit area. Given the limitations mentioned above, we plan to collect more available
climate and socio-economic data to explore further the factors affecting maize planting,
especially the analysis of the factors affecting the maize yield per unit area, to have a more
comprehensive understanding of the factors affecting the fluctuation of maize production
in the region.

Figure 10. MPP expectation and maize price index from 2013 to 2020.

6. Conclusions
Based on the GEE platform, this study combined remote sensing, meteorological
and statistical data to extract the spatial distribution of maize and explore the spatiotemporal variation characteristics and driving forces of the maize plantation distribution in
Heilongjiang Province, China, from 2013 to 2020. The main conclusions are as follows: First,
the CART algorithm achieved higher classification accuracy than the RF algorithm. Second,
the proportion of maize plantations in more than 75% of counties showed an upward trend.
Maize plantations had obvious spatial clustering characteristics in the Songnen Plain. Third,
partial correlation analysis showed that amongst various climatic factors, the main climatic
factor affecting the inter-annual fluctuation of maize planting was relative humidity. Fourth,
geographic detector analysis showed that the impact of socioeconomic factors on MPP
spatial distribution was significantly greater than meteorological factors. The interaction
between different factors was greater than a single factor. Among the meteorological factors,
the temperature was the most important factor affecting MPP spatial distribution, especially
in the early stage of the growing season. Among the socioeconomic factors, the number
of rural households was the most important factor affecting MPP spatial distribution.
The interaction between flood control measures and relative humidity was greater than
between other factors. This study provides a key reference for the optimal adjustment of
crop plantation distribution and agricultural development.
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Appendix A
Table A1. Maize planting distribution extraction accuracy.
smileCart
Year

2013
2014
2015
2016
2017
2018
2019
2020

smileRandomForest

Overall
Accuracy

Kappa

Overall
Accuracy

Kappa

0.9724
0.9444
0.9882
0.9592
0.9870
0.9783
0.9643
0.9800

0.9436
0.8849
0.9761
0.9183
0.9739
0.9563
0.9245
0.9584

0.9628
0.9328
0.9784
0.9652
0.9723
0.9457
0.9367
0.9124

0.9107
0.9045
0.9478
0.9246
0.9548
0.9369
0.8974
0.8753

Figure A1. The maize plantation distribution from 2013 to 2020 (a1–h1) and the maize plantation
proportion at the county level from 2013 to 2020 (a2–h2).
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