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ARTICLE INFO ABSTRACT

Keywords: Accurate and timely spatiotemporal distribution information of soybean is vital for sustainable agriculture

Phenology-based algorithm development. However, it is challenging to establish a phenology-based automated crops mapping algorithm at

:Oyb_earllz large spatial domains by simply applying vegetation index temporal profile. This study developed a Phenology-
entinel-.

based automatic Soybean mapping algorithm through combined Canopy water and Chlorophyll variations
(PSCC). Three phenology-based indices were designed: the ratio of change magnitudes of vegetation index to
water stress index during the late growth stage (T1), the mean concentration of chlorophyll during the whole
growth period (T2), and the accumulated variations of chlorophyll before and after heading date (T3). Soybean
was distinguished by lower T1 and T3 and higher T1 due to higher senescence water loss and chlorophyll
content. The PSCC method was validated in Northeast China from 2017 to 2021 and in four states (Missouri,
Illinois, Indiana, and Ohio) of the United States (US) in 2020 using Sentinel-2 datasets. Soybean planting areas
obtained by PSCC were consistent with the corresponding agricultural statistical area (R > 0.83). The soybean
maps were evaluated using 5702 reference data, and the overall accuracy and kappa coefficient were 91.99% and
0.8338, respectively. The overall accuracy for soybean mapping was improved by 16.07% compared with using
only canopy water variation. The result showed that our method could be applied to large spatial domains and
multi-years without retraining. The soybean planting area in Northeast China expanded substantially 25,867 km?
(by 89.10%) during the period 2015-2020 and decreased slightly 7,535 km? (by 13.73%) from 2020 to 2021.
Soybean expansion occurred mainly in ever-planted regions. Northeast China contributed about 60% to the
national soybean revitalization goal in 2020. This study provided information on the soybean spatiotemporal
changes in Northeast China, which was significant for agricultural policymakers to formulate soybean production
plans to achieve national soybean revitalization.

Time-series analysis
Spatiotemporal changes

1. Introduction

Soybean is one of the most valuable crops and plays an essential role
in global food security and sustainable agriculture development. Soy-
bean is a high-protein food source (Re¢bilas et al., 2020) and is consid-
ered a good substitute for animal protein. Moreover, it also belongs to
the type of plant function with ecological significance, and its nitrogen
fixation contributes 77% of the global agricultural nitrogen budget
(Kumar et al., 2017). In addition, crop rotation with soybean is an

effective means to increase crop production and achieve sustainable
agriculture (Agomoh et al., 2021). As important soybean producers in
the world, China and the US have significantly changed in soybean
planting areas in recent years. Therefore, accurate and rapid soybean
mapping is essential to ensure global food security and environmental
sustainability.

Remote sensing provides a powerful data source for timely delivering
the spatiotemporal distribution information of crops at the regional
scale (Weiss et al., 2020). Multi-temporal images datasets have been
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widely used in crop classification in recent years. Generally, machine
learning models, such as support vector machine (Zheng et al., 2015),
decision trees (Song et al., 2017), and random forest (Tran et al., 2022)
were employed to identify crops. Spectral bands and vegetation indexes
were used as input features. However, these models relied on a given
dataset and reference data. When applied to other years or regions, most
models need to recollect reference data to retrain. The need to map
cropland or crops quickly, consistently, and repeatedly requires an
automated algorithm that can be employed in other years and regions
without retraining (Thenkabail et al., 2009). However, automated al-
gorithms usually rely on substantial expert knowledge to analyze the
images (Ashourloo et al., 2020). And the difference in spectral signal
between crops may be insignificant, or it can be mined only at certain
phenological stages (Waldner et al., 2015; Zhong et al., 2014).
Phenology-based approaches rely on crop knowledge and emphasize the
significance of the spectral signal of key phenology stages for crop
mapping. Therefore, phenology-based approaches may be a valuable
resource for rapid, consistent, and repetitive crop mapping (Wang et al.,
2019).

Phenology-based crop mapping methods applied the unique spectral
characteristics of crucial phenological periods. The vegetation indexes
reflecting the phenological characteristics of crops, such as the
Normalized Difference Vegetation Index (NDVI), were widely employed
to identify crops (Qu et al., 2021; Zhong et al., 2011). However, the
temporal profiles of vegetation indices may be affected by inter-annual
and regional differences (Qiu et al., 2018). Therefore, it is hard to obtain
crop distribution at large spatial domains merely by applying vegetation
index (Pena and Brenning, 2015). The phenology-based algorithms
combining vegetation indices and other spectral features have advan-
tages in crop mapping over large regions (Dong and Xiao, 2016). A series
of phenology-based methods have been successfully developed to
identify staple crops, such as winter wheat, paddy rice, and maize (Qiu
et al.,, 2017b; Xiao et al., 2005). For example, given the growth char-
acteristics of paddy rice in flooded soil, the paddy rice mapping methods
were widely proposed by combining vegetation index and Land Surface
Water Index (LSWI) (Qin et al., 2015; Xiao et al., 2005). Recently,
several studies applied the unique characteristic of crop canopy during
the critical phenological stage to map crops, such as canola (Tian et al.,
2022; Zang et al., 2020) and cotton (Wang et al., 2021; Xun et al., 2021).
The Canola Index (CI) was proposed to identify canola using spectral
reflectance during the flowering period (Ashourloo et al., 2019). These
studies showed that unique crop knowledge is critical in exploring the
spectral-temporal characteristics of specific crops. However, it is diffi-
cult to observe the growth characteristics of dryland crops (such as
potato, peanut, and soybean). Therefore, exploring crop knowledge and
introducing new spectral indices are essential to improve specific crop
mapping.

A majority of existing soybean mapping efforts were implemented
using vegetation indices time series in Brazil and the US (da Silva et al.,
2017; de Souza et al., 2015; Esquerdo et al., 2011). Recent studies have
verified the effectiveness of canopy water content in distinguishing
soybeans and maize (Xu et al., 2021; You et al., 2021; Zhong et al.,
2016a). The Shortwave Infrared (SWIR) band has been applied to
separate soybean and maize (Zhong et al., 2016a). The water index (i.e.,
Normalized Differential Senescent Vegetation Index, LSWI) correlated
with crop moisture content and was also utilized to classify maize and
soybean (Cai et al., 2018; Zhong et al., 2014). However, most previous
crop mapping methods used MODIS or Landsat data to effectively use
time-series features (Jain et al., 2017; Yang et al., 2019). Another freely
available time series dataset with better spatial resolution, frequency
revisit (5-day), and red-edge bands, the Sentinel-2 images, provide un-
precedented opportunities for crop mapping (Jin et al., 2019). The
Sentinel-2 spectral band has shown superiority in soybean and maize
classification (Ren et al., 2022). The red-edge bands can efficiently
characterize crop conditions and assist in crop classification (Sharifi,
2020; Zhang et al., 2020). But, it is also challenging to discriminate
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crops with similar phenology and spectral reflectance, such as maize and
soybean (Zhang et al., 2020). The ability of important pigments indexes
in estimating photosynthetic activity was highlighted in recent studies
(Wong et al., 2019), which suggests their potential efficiency in assisting
crop mapping. The pigments indexes based on the red edges performed
well in peanut mapping and have the capability to map other crops (Qiu
et al., 2021). However, the performance of pigment indices is not yet
known for other crop mappings.

Therefore, this study explored canopy water and chlorophyll content
variations based on sentinel-2 images. Then, new spectral-temporal
features were suggested for soybean mapping and tested in Northeast
China and four US states. The soybean spatial distribution provided data
support for analyzing the changes in the soybean planting area. Two
goals were proposed in this study: (1) developing a Phenology-based
automated Soybean mapping algorithm through combined Canopy
water and Chlorophyll variations (PSCC) using Sentinel-2 time-series
images; (2) analyzing the spatiotemporal changes in soybean planting
area in Northeast China.

2. Materials
2.1. Study area

Northeast China and four US states (Missouri, Illinois, Indiana, and
Ohio) were selected as the study area by considering the availability of
reference data (Fig. 1). Northeast China is one of China’s most dominant
agricultural regions (Fig. 1(a)). It includes Heilongjiang, Jilin, and
Liaoning Provinces. Single cropping is implemented in Northeast China
due to the temperature limit (Qiu et al., 2017a). The primary crops are
soybean, maize, paddy rice, sorghum, peanut, potato, and sunflower.
According to the national agricultural statistical data, more than half
(53%) of national soybean fields were distributed in Northeast China in
2020. The four US states were selected as the second study area (Fig. 1
(b)). This area has various crops, including soybean, maize, sorghum,
spring wheat, sunflower, cotton, potato, and peanut. In 2020, the soy-
bean planting area in four US states reached 108,770 km?, accounting
for 31.78% of the US soybean planting area.

2.2. Datasets

2.2.1. Sentinel-2A/B image

Sentinel-2 data has the advantages of finer spatial resolution (10 m,
20 m, and 60 m) and high revisit capability (5 days). Sentinel-2 carries
MultiSpectral Instrument (MSI) that provides 13 spectral bands. The top-
of-atmosphere reflectance (TOA) data was applied instead of the surface
reflectance data. The TOA data has been proved to be efficient in
reflecting the spectral differences between different crops (Jin et al.,
2019; Wang et al., 2020). All available Level-1C Sentinel-2A/B images
were collected from the Google Earth Engine (GEE) platform. There
were 9604, 21,614, 22,622, 22,460, and 22,216 Sentinel-2 images over
Northeast China from 2017 to 2021, and 13,464 Sentinel-2 images
covering four US states in 2020.

2.2.2. Reference data

Reference data consists of 2,837 sites for Northeast China and 5,000
sites for four US states (Table S1). The reference data in Northeast China
was collected through field observations in 2018 and 2020. The ground
truth sites included 1,090 soybean sites and 1,747 other crop sites (Fig. 1
(a)). The MG858 hand-held GPS receivers recorded the position of the
ground truth site. Moreover, at least one picture recording the growth of
crops was taken by a digital camera. We randomly selected 1,900 soy-
bean sites and 3,100 other crop sites based on Cropland Data Layer
(CDL) for four US states in 2020 (Fig. 1(b)). The CDL is derived from the
United States Department of Agriculture, and it provides high overall
accuracy of over 95% for soybean (Boryan et al., 2011).
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Fig. 1. The location and survey sites of (a) Northeast China and (b) four US states.

2.2.3. Agricultural statistics data, crop calendar data, and cropland data

The provincial statistical yearbooks reported the agricultural statis-
tics data of Heilongjiang, Jilin, and Liaoning Provinces from 2017 to
2019. The agricultural statistics data for four US states were calculated
by CDL data in 2020. These statistics data were used to verify Sentinel-2
estimated soybean maps. The changes in soybean planting areas were
analyzed by combining the municipal agricultural statistics data of
Northeast China in 2008 and 2015.

The crop calendar data of Northeast China and the US were applied
to analyze the phenological periods of crops. The crop calendar of the US
was similar to Northeast China. The cropland data included the Globe-
Land30 dataset and Cultivated Layer data, which were employed to
obtain the cropland of Northeast China and four US states, respectively.
The overall accuracy of the GlobeLand30 dataset in 2010 was about 80%
(Chen etal., 2015). Table S2 provides links to download datasets applied
in this study.

3. Methods
3.1. Sentinel-2A/B image processing

The Sentinel-2 images were processed on the GEE platform. This
study referred to the data processing process of Qiu et al (Qiu et al.,
2021). Three spectral indices were calculated, including Optimized Soil
Adjusted Vegetation Index (OSAVI) (equation (1)) (Rondeaux et al.,
1996), Transformed Chlorophyll Absorption in Reflectance Index
(TCARI) (equation (3)) (Haboudane et al., 2002) and Shortwave
Infrared Water Stress Index (SIWSI) (equation (2)) (Fensholt and Sand-
holt, 2003). The OSAVI was employed to reflect vegetation growth dy-
namics and minimized the influences of soil background (Rondeaux
et al., 1996). The TCARI/OSAVI could accurately predict crop chloro-
phyll content and was not affected by background reflectance properties
(Haboudane et al., 2002). TCARI/OSAVI has a non-linear relationship
with the chlorophyll content. The SIWSI could reflect soil moisture
variations and canopy water stress better than the vegetation indices in
the short term (Olsen et al., 2015). It is negatively related to the canopy
water content (Fensholt and Sandholt, 2003).

L16*(pyig — Prea)

OSAVI =
(Pnig + Prea +0.16)

€9)

TCARI = 3 X ((Pyrp1 = Prea) = 0-2 X (Dyrer = Pareen) X Pvrer/Pred) (2)

SIWSI — Pswirt — Pnir 3)
Pswirt T Pnir

where pyir,Pred-PcreensPvrer AN Pswiry represented the reflectance of the
Near-infrared (785-899 nm), Red (650-680 nm), Green (543-578 nm),
Vegetation Red Edgel (VRE1, 698-713 nm), and Short Wave Infrared
bandl (SWIR1, 1,565-1,655 nm), respectively.

3.2. Designing phenology-based algorithm for soybean mapping

3.2.1. Extracting senescence water loss indicator and chlorophyll indicator
The phenological stages were extracted based on OSAVI temporal
profiles. The heading date of the agricultural growth cycle was identified
based on the annual maximum OSAVI. The heading date divided the
whole growth period into the early growth stages and the late growth
stages. The period of 50 days before and after the heading date was
determined as the early and the late growth stages, respectively.

The dynamic pattern of SIWSI was opposite to that of OSAVI during
the crop growing season due to its negative relationship with moisture
concentration. There were significant differences in OSAVI and SIWSI
temporal profiles during the late growth period (Fig. 2(a)). Compared
with other crops such as maize and paddy rice, soybean is characterized
by its distinguishable high senescence water loss: the canopy water
content is only around 15% during the harvesting season. But, potato,
peanut, sunflower, cotton, and soybean have similar senescence water
loss. Potato and peanut mature earlier than soybean. Crop fields become
bare soil with lower moisture concentrations than dry crops when crops
mature. Most cotton and sunflower leaves fall off at maturity, resulting
in high senescence water loss. Therefore, the variations of SIWSI tem-
poral profiles of soybean were more distinctive than paddy rice, maize,
sorghum, spring wheat, and canola (Fig. 2(a)). Additionally, soybean’s
distinctive senescence water loss is generally accompanied by rapid
declines in photosynthesis activities reflected by the vegetation index
(OSAVI). Therefore, the first phenology-based indicator, the ratio of
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change magnitudes of OSAVI to SIWSI (T1), was developed based on
senescence water loss (Fig. 3(a)).

OSAUVI followed the change of chlorophyll content, while the TCARI
temporal profile of crops with higher chlorophyll content was flatter
(Haboudane et al., 2002) (Fig. 2(b)). Therefore, crops with high chlo-
rophyll content had lower TCARI/OSAVI values, and their dynamic
pattern was opposite to OSAVI. But it was opposite when the chlorophyll
content was low. These crops are divided into three groups based on the
average chlorophyll content during the growth period. Maize has the
highest chlorophyll content. Soybean, paddy rice, and sorghum have
medium chlorophyll levels. Crops with short growth periods (i.e., soy-
bean, potato, peanut, and spring wheat) (Fig. S1) and the unique canopy
(i.e., canola, sunflower, and cotton) result in low chlorophyll content
during the whole growth period. Therefore, the TCARI/OSAVI values of
soybean were significantly higher than maize (Fig. 2(c)). The second
phenology-based indicator, the mean concentration of TCARI/OSAVI
during the whole growth period (T2), was developed based on the
chlorophyll content (Fig. 3(b)). In addition, the TCARI/OSAVI temporal
profile of soybean was opposite to peanut, potato, cotton, and sunflower
(Fig. 2(c)). Therefore, the third phenology-based indicator, the accu-
mulated variations of chlorophyll before and after the heading date (T3),
was designed based on the temporal variations of chlorophyll content
during the growth stages (Fig. 3(b)). The functions of these three indices
based on OSAVI, SIWSI, and TCARI/OSAVI were provided as follows.

1 - (OSAVIyar — OSAVIyin)

T 1 + (SIWSIyex — SIWSIyin) “

T2 = (TCARIJOSAVI) ;... 5)
End

T3 = ((TCARI/OSAVI) yops — (TCARI/OSAVI),) (6)

i=start

where OSAVIq and OSA VI, represented the maximum and minimum
values of OSAVI, SIWSI,;,ox and SIWSI,;, represented the maximum and
minimum SIWSI values during the late growth stages.
(TCARI/OSAVI) 1 indicated the mean value of TCARI/OSAVI during
the whole growth period;(TCARI/OSAVI),qqing, and (TCARI/OSAVI);
represented TCARI/OSAVI during the heading date and date i, respec-
tively; Start and end in the ¥ denoted the start and end dates of the
growth stages, respectively.

3.2.2. Developing soybean mapping algorithm

This study established a simple decision rule to distinguish soybean
(Fig. 4). T1 was utilized to separate soybean from maize, paddy rice,
sorghum, canola, and spring wheat. However, this indicator could not
distinguish soybean from cotton, sunflower, peanut, potato, and a tiny
amount of maize. T2 enhanced the separation between soybean and
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maize. Furthermore, T3 was applied to distinguish soybean from cotton,
sunflower, peanut, and potato. For soybean, the values of T1 and T3 are
lower, and the value of T2 is higher. Therefore, a simple decision rule
was established to distinguish soybean from non-soybean based on the
proposed three phenology-based indices.

if(Tl< = 6, )and(T2 > =
= 1; else Soybean = 0

0, Yand(T3 <= 05 ), Soybean
7

where 61, 65 and 05 are constant. This algorithm was utilized in North-
east China and four US states. Land use/cover data was applied to obtain
cultivated areas before classification.

3.3. Accuracy assessment of spatial distribution maps of soybean

Classification accuracy was evaluated by applying the agricultural
statistics data and reference data. Sentinel-2- estimated soybean
planting areas in Northeastern China and four U.S. states were aggre-
gated to the municipal and county levels and compared with the cor-
responding agricultural statistical data. The spatial consistency of
Sentinel-2- derived soybean map was evaluated by 5702 randomly
selected reference points, including 1,702 sites in Northeast China and
4,000 sites in four US states. The confusion matrix was calculated by
these reference sites. The classification accuracy of soybean was then
assessed by using the producer’s, user’s, and overall accuracies from the
confusion matrix.

4. Results
4.1. Soybean distribution maps in Northeast China and four US states

The thresholds for soybean mapping in Northeast China were
determined by around 40% randomly selected reference points (1,135
sites) (Fig. 5(a)). The values of 01, 05, and 63 were 0.58, 0.16, and 0.05 in
function (7). The proposed three phenology-based indices (T1, T2, and
T3) distinguished soybean well from other crops. Most cropland pixels
showed T1 values greater than 0.4, T2 values greater than 0, and T3
values less than 1.5 (Fig. 6(a)). The soybean distribution map in 2020
was obtained by the PSCC algorithm (Fig. 7(d)).

The PSCC algorithm and these three thresholds were further applied
to Northeast China for other years and four US states. All Sentinel-2
derived soybean maps were displayed in Fig. 7, with a spatial resolu-
tion of 20 m. The soybean planting area in Northeast China from 2017 to
2021 was mainly distributed in Heilongjiang Province. The classification
accuracy was lower than in Northeast China due to higher omission
error when using these three thresholds in four US states (Fig. 5(b)).
Therefore, these thresholds were redefined by 20% randomly selected
reference points (1,000 sites). The values of 6,, 05, and 03 were 0.59,
0.14, and 0, respectively. These three phenology-based indices provided
an excellent distinction between soybean and non-soybean in four US
states (Fig. 6(b)). A reliable soybean map in four US states in 2020 was
obtained using the PSCC algorithm (Fig. 7(f)).
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4.2. Accuracy assessment of soybean maps

Soybean planting area estimated by PSCC method was compared
with agricultural statistical data in Northeast China and four US states.
Soybean planting areas of Northeast China were 43,840 km? in 2017,
42,127 km? in 2018, and 45,949 km? in 2019, respectively. Compared
with statistical data (40,300 km? in 2017, 39,204 km? in 2018, and
47,064 km? in 2019), the soybean planting area was overestimated by
8.78% and 7.46% in 2017 and 2018, respectively, but slightly under-
estimated by 2.37% in 2019. Soybean planting areas of Northeast China
were gathered to the municipal level. Most municipalities showed good
consistency with the statistical data, and R? reached above 0.83 (Fig. 8
(a), (b), and (c))). The soybean planting area of four US states in 2020
was 107,259 km?, which was slightly underestimated (1,511 km?)
compared with statistical data. The soybean planting area of four US
states agreed well with the statistical area at the county level, and R? was
0.8839 (Fig. 8, (d)). The underestimation of soybean planting area has
occurred in some areas with less than 50% good quality observations (no
cirrus clouds and opaque clouds), such as Mudanjiang in Northeast
China and Vermilion, Champaign, Douglas, and Piatt in Illinois.

The spatial consistency of the Sentinel-2-estimated soybean map was
evaluated with 5,702 reference points (Table 1). The overall accuracy of
soybean maps using the T1 indicator was 75.92%, with a kappa coeffi-
cient of 0.5335 (Table S3). This indicator had a poor ability to distin-
guish soybean from maize, peanut, potato, sunflower and cotton. About
28% of maize was misclassified as soybean. The combination of T1 and
T2 significantly improved the separation of soybean and maize, and the
commission error for maize was reduced by 21.55%. The commission

errors for peanut, potato, sunflower, and cotton were decreased when
combining T1 and T3 indices. Furthermore, the combination of T1, T2
and T3 significantly improved the classification accuracy. For the 2,297
soybean sites, 2,085 sites were correctly classified (90.77% agreement).
For the 3,405 non-soybean sites, 3,160 sites were accurately identified
(92.80% agreement). And other 245 non-soybean sites were mistakenly
classified as soybean, including 122 maize sites, 23 paddy rice sites, 35
peanut sites, 20 potato sites, 3 sorghum sites, 18 sunflower sites, 1 spring
wheat site, 22 cotton sites, and 1 canola site. The overall accuracy was
91.99%, and the kappa index was 0.8338. The overall accuracy
improved by 16.07% compared to only using T1 indicator for soybean
mapping (Table S3).

4.3. Soybean expansion in ever-planted regions from 2015 to 2020

Soybean expansion in Northeast China mainly occurred in ever-
planted regions from 2015 to 2020. The soybean planting area in
Northeast China decreased continuously from 47,688 km? in 2008 to
29,033 km? in 2015, but increased significantly to 54,900 km? in 2020
and then decreased to 47,365 km? in 2021. More than 80% of the soy-
bean planting area in Northeast China was distributed in Heilongjiang
Province, concentrated primarily on Qigihar, Heihe, Jiamusi, Harbin,
Suihua, and Mudanjiang. The soybean planting area significantly
reduced by 39.12% (18,655 km?) from 2008 to 2015 (Fig. 9(a)). How-
ever, the soybean planting area expanded significantly by 89.10%
(25,867 km?) from 2015 to 2020. The proportion of soybean planting
area to the cultivated area increased from 12.25% to 16.81%. Soybean
expansion was significant in Heilongjiang Province, accounting for
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about 68% (17,707 km?) of the total expansion area (Fig. 9(b)). From
2020 to 2021, the soybean planting area showed a 13.73% (7,535 km?)
decrease, mainly in Heihe, Qigihar, Suihua (Fig. 7(d) and (e))). There
was a negative linear correlation between the changes in soybean
planting area during 2015-2020 and during 2008-2015 (R? = 0.3798)
(Fig. 9(c)). This showed that soybean expansion tended to be in ever-
planted regions. Moreover, the primary soybean planting areas in
Northeast China, such as Qiqihar, Heihe, Jiamusi, Harbin, Suihua, and
Mudanjiang, have the most significant expansion trend.

5. Discussion
5.1. Advantages of the proposed PSCC method

This study developed a phenology-based automated soybean map-
ping method using water stress index and chlorophyll index temporal
profiles. The advantages of the proposed PSCC method can be summa-
rized in the following four points. First, The proposed PSCC method
could be employed in other years and regions without retraining. This
method has been validated in Northeast China from 2017 to 2021 and in
four US states in 2020. Crop mapping in large regions is very economical
and efficient without collecting reference data every year. When applied
to a new region, the decision rule is still valid, but the threshold needs to
adjust for higher classification accuracy slightly.

Second, chlorophyll content variation was better than canopy water
content variation in distinguishing soybean and maize. Most current
phenology-based soybean mapping methods mainly utilized the
phenology parameters extracted by vegetation index (Zhong et al.,

2014; Zhong et al., 2016b). However, it is difficult to separate crops with
similar phenology, such as soybean, maize, and sorghum (Zhong et al.,
2014). Spectral features are more reliable for distinguishing crops with
similar phenology. This study distinguished soybean and sorghum with
the ratio of the change magnitudes of OSAVI to SIWSI during the late
growth stage (T1). However, the T1 indicator performed not well in
distinguishing soybean from maize. A previous study also indicated that
soybean and maize were not fully separable by differences in moisture
content during the rapid-growing date (Zhong et al., 2016a). Recently,
the pigment index (i.e., chlorophyll, anthocyanin, and carotenoid index)
has received attention and performed well in highlighting crop growth
(Qiu et al., 2021). Chlorophyll plays a decisive role in photosynthesis
activities and is of great value in crop monitoring. To further separate
soybean from maize, we explored the variations characteristics of
chlorophyll content. The proposed T2 indicator, the mean concentration
of TCARI/OSAVI during the whole growth period, significantly
enhanced the separation of soybean and maize. The commission error of
maize was reduced by about 22% (Table S4). The overall accuracy of
soybean mapping was improved by 16.07% compared to simply
applying canopy water content.

Third, the proposed T2 index has the potential to identify maize and
canola. Although a recent study successfully used less variation in
chlorophyll during the early growth stage to map peanut (Qiu et al.,
2021), the chlorophyll levels of other crops have not yet been known.
This study ranked ten crops based on the average chlorophyll content
during the growth period, which provided opportunities for other crops
mapping. Maize has low values of TCARI/OSAVI during the whole
growth period due to the highest chlorophyll content. Therefore, the T2
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indicator can effectively distinguish maize from other crops (Fig. 5). In
addition, the mean concentration of TCARI/OSAVI of canola has a
higher value than other crops due to lower chlorophyll content (Fig. 5).
Therefore, the T2 indicator also can be applied to classify canola.

Fourth, this study provided a strategy for index-based methods for
other crops mapping. The index-based crop mapping methods were
simple and effective and have been used in staple crops (Qu et al., 2021;
Xiao et al., 2005) and cash crops mapping (Ashourloo et al., 2020; Zhang
et al., 2022). Index-based crop mapping algorithm has evolved from the
subtraction-based method to the ratio-based method (Dong and Xiao,
2016). The ratio-based method performed better in coping with intra-
class variation and was widely employed (Dong and Xiao, 2016).
However, most methods utilized the change magnitudes of spectral
indices at a particular phenological stage (da Silva Junior et al., 2020;
Qiu et al., 2015; Qu et al., 2021). Using a large number of images
resulted in better performance of the crop index (Ashourloo et al., 2019).
This study utilized the temporal variations and mean concentration of
chlorophyll index during the whole growth stage to design crop map-
ping indices, which were less disturbed by missing data (Fig. S2(b) and
(c)). The temporal variations of multiple spectral indices may promote
the development of index-based methods.

5.2. Significances of soybean mapping

A timely and reliable soybean map is essential to ensure food security
and environmental sustainability. The soybean planting area in North-
east China has continually increased since 2015 and reached its peak in
2020. The goal of national soybean revitalization in 2020 is to reach 140
million mu of soybean planted area. Although the soybean planting area
in Northeast China accounted for about half of the national soybean
planting area, Northeast China contributed about 60% to the national
goal of soybean revitalization. Soybean expansion in Northeast China is
closely related to national agricultural policies (Liu et al., 2019). These
policies provided substantial financial support for farmers to switch
from maize to soybean (Liu et al., 2018). The soybean planting area
expanded significantly in reclamation areas, such as Qigihar, Heihe,
Suihua, Jiamusi, Shuangya, and Harbi (Fig. 9(b)). The reclamation areas
are state-owned enterprises and may respond more promptly to policies.
However, the soybean planting area in Northeast China shows a
declining trend in 2021. The Ministry of Agriculture and Rural Affairs
(MARA) of China believes the main reason is the obvious benefits of
planting maize. Some major producing areas have changed from soy-
bean to maize.

Soybean production plans should be implemented in ever-planted
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areas. This study showed that soybean expansion occurred primarily in
ever-planted regions, consistent with Yang et al (Yang et al., 2019).
Currently, the stability of the global food supply is threatened by the
severity of the Corona Virus Disease. To ensure food security, MARA has
listed the soybean expansion as a significant task that must be completed
in 2022. The key to expanding soybean production is increasing income.
On the one hand, China should make great efforts to develop and pro-
mote new soybean varieties with high yield, high oil, and high protein.
On the other hand, China should continue implementing the soybean
rotation subsidy in ever-planted regions and increase the area of rotation
subsidy. Crop rotation with soybean can increase yields and obtain
additional environmental benefits due to the stimulation of the increase
of rhizobia (Kumar et al., 2017; Scott et al., 2021).

5.3. Uncertainties and future works

The PSCC method has some disadvantages. This study determined
the early and late growth stages dynamically based on the heading date.
But, the lengths of the early and late growth stages were constant.
Although the crop phenology in a specific area is relatively stable, the
growth period in different regions may affect geographic conditions
such as latitude, altitude, and temperature. The vegetation index
reflecting crop phenology was often applied to extract key phenological
periods to deal with phenology changes (Zhang et al., 2015; Zhong et al.,
2016a). In addition, some studies have demonstrated that incorporating
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Table 1
Accuracy assessment of Sentinel-2-estimated soybean maps using reference
data.

Total Soybean  Non - Producer accuracy
soybean (%)
Soybean 2297 2085 212 90.77
Non - soybean 3405 245 3160 92.80
User accuracy (%) 89.48 93.71
Overall accuracy 91.99
(%)
Kappa 0.8338

auxiliary data (such as agro-meteorological data and temperature con-
ditions) is also an effective strategy for coping with the challenges
introduced by changes in crop calendars (Qin et al., 2015; Zhang et al.,
2014).

The PSCC method is suitable for regions with good-quality obser-
vations during the growth stage. When good quality observations are
less due to cloud cover, the decrease in the change magnitudes of canopy
water content could make soybean misclassified as other crops (Fig. 52
(a)). Soybean planting areas were often underestimated in counties with
less than half of the excellent quality observations (Fig. 8). Multi-source
data fusion can increase valid observation data during the growth
period, such as MODIS, Landsat, and SAR data (Shi et al., 2022). How-
ever, MODIS and Landsat images lack red-edge bands for calculating the
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chlorophyll index. ENVISAT MERIS images have red-edge bands, and
the soybean map with coarser spatial resolution could be obtained by
fusion with Sentinel-2. However, the availability of optical data relies on
weather conditions (Sudmanns et al., 2020). SAR data can monitor all-
day and all-weather and the advantage of being free. The backscat-
tering feature contains crop growth information (structure and canopy
moisture) (Stankiewicz, 2006). A recent study has demonstrated that
phenological indices derived from the Sentinel-1 time series can
improve crop classification accuracy (Wozniak et al., 2022). Therefore,
the combination of SAR and optical data has great potential for crop
mapping.

6. Conclusions

This study developed a novel phenology-based algorithm for soybean
mapping by exploring the variations characteristic of canopy water and
chlorophyll content. The canopy water and chlorophyll content changed
continuously with crop growth, which could indicate the physiological
conditions of different crops. Soybean is characterized by high senes-
cence water loss. Moreover, its chlorophyll content is lower than maize
and higher than peanut, potato, cotton, and sunflower during the whole
growth stage. Therefore, three phenology-based indices were designed
for soybean mapping: the ratio of change magnitudes of OSAVI to SIWSI
during the late growth stage (T1), the mean concentration of TCARI/
OSAVI during the whole growth period (T2) and the accumulated var-
iations of chlorophyll before and after heading date (T3). The proposed
PSCC method was applied to Northeast China and four US states. The
spatial distribution of soybean in Northeast China and four US states all
showed good spatial agreement with reference data and correlation with
agricultural statistics. This study revealed that the soybean planting area
in Northeast China expanded continuously 25,867 km? from 2015 to
2020. Soybean expansion was mainly distributed in ever planted areas,
especially the primary soybean planting areas. This study further dis-
closed that the soybean planting area decreased slightly 7,535 km? from
2020 to 2021 without updating official agricultural statistics data for
2021. This study was hoped to contribute to sustainable agricultural
development by providing the spatial distribution data of soybean.
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