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Abstract: Timely and accurate information of cotton planting areas is essential for monitoring and
managing cotton fields. However, there is no large-scale and high-resolution method suitable for
mapping cotton fields, and the problems associated with low resolution and poor timeliness need to
be solved. Here, we proposed a new framework for mapping cotton fields based on Sentinel-1/2 data
for different phenological periods, random forest classifiers, and the multi-scale image segmentation
method. A cotton field map for 2019 at a spatial resolution of 10 m was generated for northern
Xinjiang, a dominant cotton planting region in China. The overall accuracy and kappa coefficient
of the map were 0.932 and 0.813, respectively. The results showed that the boll opening stage was
the best phenological phase for mapping cotton fields and the cotton fields was identified most
accurately at the early boll opening stage, about 40 days before harvest. Additionally, Sentinel-1 and
the red edge bands in Sentinel-2 are important for cotton field mapping, and there is great potential
for the fusion of optical images and microwave images in crop mapping. This study provides an
effective approach for high-resolution and high-accuracy cotton field mapping, which is vital for
sustainable monitoring and management of cotton planting.
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It is widely acknowledged that crop monitoring has become a significant field in
remote sensing-based earth observation [1]. Remote sensing has been the key approach
in crop monitoring, especially at the global or national scale. It has a large observation
area, the monitoring period is short, and it provides fast, accurate, and objective crop
information [2,3] when compared to time-consuming and laborious field surveys, which are
hampered by the scattered patterns and various sizes of the farmland in China. Real-time
and accurate identification regarding crop types and planting areas is of great significance
to disaster warning and crop adaptability evaluation, and provides a reference that can
be used to supplement ground statistics [4,5]. As one of the major cash crops in China,
the changes in the planting area and output of the cotton will affect China’s agricultural
development decisions related to cotton. Timely and accurate cotton field mapping is vital
to sustainable monitoring and management of cotton economics.
A 500 m cotton field map of China was first released in Report on Remote Sensing
Monitoring of China Sustainable Development in 2016. The spatial distribution details of
the cotton fields were hard to depict to meet the urgent needs of precision agriculture due
to the low spatial resolution. Hao et al. also extracted cotton fields at a 30 m resolution
in Hengshui City based on Sentinel-2 and Landsat-8 images [6]. However, it is difficult
to expand the existing method because it is affected by the spatial heterogeneity of the
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spectrum, phenological characteristics, and cloud cover across large regions. Additionally,
previous studies usually published cotton field maps at least four to six months after the
crop growing season, resulting in their lagged application to crop management [7]. Therefore, there is an urgent need to solve the problems of low resolution and the poor timeliness
of large-scale cotton field mapping by developing a large-scale and high-resolution rapid
remote sensing method.
Optical remote sensing data has been widely used to monitor the spatial distribution of crops. Many studies have used images from the Moderate-Resolution Imaging
Spectroradiometer (MODIS) sensors for large-scale crop extraction [8], but the identified
crop maps often had large uncertainties because of the mixture of land cover types within
rough to median resolution imagery pixels. Since the launch of Landsat and HJ-1A/1B,
fine-spatial-resolution images have been used in crop monitoring [9,10]. Thanks to the
high spatial and temporal resolution, the Sentinel data series have also been applied in
crop extraction. It has laid a foundation for accurate and effective crop extraction [11,12].
Synthetic Aperture Radar (SAR), which is not affected by cloud cover and solar illumination, avoids optical image limitations and is suitable for high-resolution crop mapping
at large scale [13]. There are different optical and SAR data features, which means that
the surface information they provide is different. The optical data provide the spectral
characteristics of the measured region, whereas the SAR data provide information about
vegetation structure and the soil [14]. Therefore, combining optical and SAR data could
lead to more accurate and effective crop extraction.
There have been relatively few studies on cotton field extraction based on fusion data
and they have usually focused on the pixel-based classification method, which produces
“noise” when applied to images. However, the object-based segmentation method can
alleviate such problems [15,16]. The image segmentation method can be used to distinguish
cultivated land and non-cultivated land in landscapes with mixed land-cover types [17].
Many studies have shown the potential of phenological-based algorithms for crop mapping
in large regions [18–20]. The crop classification indicators can be obtained based on the
crop life cycle and then the classification rules can be generated [21]. Some studies have
extracted cotton fields based on the phenophase and time series of remote sensing data.
However, there is a need to evaluate the importance of different phenological periods.
China is the second-largest cotton-producing country in the world according to the
United Nations Food and Agricultural Organization (FAO, http://www.fao.org/faostat,
accessed on 2 February 2021). As one of the largest cotton-producing regions in China,
northern Xinjiang is an ideal region for the remote sensing monitoring of cotton fields
because of its flat terrain, large field area, and modest cloud cover. Considering the demand
for timeliness and accurate cotton planting areas and distribution, this study took northern
Xinjiang as an example, focusing on how to integrate optical and radar images to achieve
large-scale and high-resolution cotton field maps based on machine learning. In detail, two
objectives were proposed in this study: (1) to develop a new algorithm to map cotton fields
with large-scale and high-resolution based on random forest classifiers, the multi-scale
image segmentation method, Google Earth Engine (GEE) cloud computing [22], and the
fusion of Sentinel-1 and Sentinel-2 data; and (2) to clarify the optimal phase for mapping
cotton fields based on a comparison of the accuracy of the cotton field map extracted by
remote sensing data at different crop growth phases.
2. Materials and Methods
2.1. Study Area
The study area was located in northern Xinjiang Province (Figure 1), which is growing
large amounts of high-quality cotton. It has a temperate continental arid and semiarid
climate with an annual mean temperature of −4 to 9 ◦ C and an annual mean precipitation
of 150 to 200 mm. Additionally, the frost-free season in the region is approximately
140 to 185 days. The topography in northern Xinjiang is complex and includes mountains,
hills, basins, and plains. Its altitude ranges from 171 to 6616 m. Cotton in northern Xinjiang
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stage (starts in early June and ends in middle June), and mature stage (starts in middle
June and ends in early July). Spring corn is cultivated from late April to September, mainly
containing six growing stages, including the sowing stage (starts in late April and ends
in early May), seedling stage (starts in middle May and ends in early June), jointing stage
(starts in middle June and ends in late June), tasseling stage (starts in early July and ends
in early August), milk stage (starts in middle August and ends in early September), and
mature stage (starts in middle September and ends in late September). In addition, tomato
mainly has five growing stages, cultivated from April to July, including the sowing stage
(starts in middle April and ends in late April), seedling stage (starts in early May and ends
in late May), flowering stage (starts in early June and ends in middle June), fruit-bearing
stage (starts in middle June and ends in late June), and mature stage (starts in early July
and ends in middle July). The differences in phenology make the certain differences in the
growth of crops, which provides convenience for phenological-based algorithms to obtain
better accuracy of crop extraction.
2.2. Sentinel-1 and Sentinel-2 Data
Sentinel-1 (S1) and Sentinel-2 (S2) data for 2019 were collected for this study. S1
provides data from a dual-polarized C-band Synthetic Aperture Radar (SAR) instrument
with a double-star revisit period of 5 days. The main operating modes for S1 are the
interference wide radiation mode and wave mode, and the homogenous subset of S1
data included the S1 Ground Range Detected (GRD) scenes. In particular, the S1 toolbox
was used to generate the calibrated ortho-correction products, which helped determine
the backscattering coefficient in decibels per pixel. The following preprocessing steps
were used to derive the backscatter coefficient in each pixel, mainly including track file
application, boundary noise removal, thermal noise removal, radiation calibration, and
terrain calibration [23]. The S2 Level 2A data was also used in this study, which provided
Bottom of Atmosphere reflectance images derived from the associated Level-1 C products.
It is a wide-scale and high-resolution multispectral imaging mission with a 5-day revisiting
period that can be used to monitor vegetation, soil, and water cover at a 10–60 m spatial
resolution. The S2 top-of-atmosphere (TOA) data collected in the GEE are processed
through radiometric and geometric correction. It can effectively alleviate the radiation error
and geometric distortion of the image. The composition of an image is a regular method of
constructing time series data, and it can reduce the influence of cloud cover and lack of
observation time. The images were combined on a monthly basis. We selected the images
with less than 10% cloud cover in the study period and calculated the median value of each
band from the pixels for each month. It could eliminate the influence of extreme values,
such as very bright or dark pixels. Finally, the composite images of S1 and S2 in May, June,
July, August, and September were generated. In total, 321 S1 images and 930 S2 images
were used to map cotton fields with the GEE platform (Table 1).
Table 1. Summary of the S1 and S2 images in this study.
Sensor

Resolution (m)

Revisit (Days)

Sentinel-2
Sentinel-1

10/20
10

5
12

Scenes
May

Jun.

Jul.

Aug.

Sep.

149
73

161
56

214
61

223
65

183
66

2.3. Identifying Cotton Fields
Figure 3 shows the framework for mapping cotton fields in northern Xinjiang. Five
kinds of masks were mapped to eliminate disturbance due to non-cotton land-use types.
Random sample points were generated and assessed based on the true points collected
by field surveys. Specific features of the different periods were selected. Then, random
forest classifiers and the multi-scale image segmentation method were combined to map
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2.3.2. Mapping Non-cropland Cover Types as Masks
Mapping cotton fields at a large scale is challenging because many factors potentially
affect the seasonal dynamics of vegetation indices. To reduce the potential impacts and
simplify the structure of the model to reduce the workload of classification, we extracted
the common land masks in northern Xinjiang using the existing threshold method and
data. Therefore, some non-cotton field masks were generated.
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Table 2. Bands of Sentinel-1 and Sentinel-2 data and the indices used in this study.
Sensor

Spectral Band

Sentinel-1

VH
VV

Wavelength (Micron)

Sentinel-2

Band 2—Blue
Band 3—Green
Band 4—Red
Band 5—Red Edge 1
Band 6—Red Edge 2
Band 7—Red Edge 3
Band 8—NIR
Band 8A—Red Edge 4
Band 11—SWIR 1
NDVI = (Band 8 − Band 4)/(Band8 + Band 4)
EVI = 2.5 × (Band 8 − Band 4)/(Band 8 + 6 × Band 4 − 7.5 × Band 2 +1)
NDWI = (Band 3 − Band 8)/(Band 3 + Band 8)
LSWI = (Band 8 − Band 11)/(Band 8 + Band 11)
REP = 705 + 35 × (0.5 × (Band 7 + Band 4) − Band 5)/(Band 6 − Band 5)

Resolution(m)
10
10

496.6 (S2A)/492.1 (S2B)
560.0 (S2A)/559.0 (S2B)
664.5 (S2A)/665.0 (S2B)
703.9 (S2A)/703.8 (S2B)
740.2 (S2A)/739.1 (S2B)
782.5 (S2A)/779.7 (S2B)
835.1 (S2A)/833.0 (S2B)
864.8 (S2A)/864.0 (S2B)
1613.7 (S2A)/1610.4 (S2B)

10
10
10
20
20
20
10
20
20
10
10
10
10
10

Water body. The water bodies of northern Xinjiang are mainly concentrated in the
northeast and southwest regions. The Kanas Lake, Wulungu Lake, and Aibi Lake are
relatively large in area, and there are certain seasonal changes in the lakes. In order to
obtain the range of all water bodies in northern Xinjiang, the NDWIs for March, July,
and September were calculated to decrease the impact of seasonal changes to lakes. The
Otsu method is an adaptive threshold determination method, which can maximize the
between-class variance between the water body and background in the remote sensing
images, to obtain the best segmentation threshold, which has been widely used in the
research of water body extraction. Therefore, the Otsu method was used to determine the
water body threshold as NDW IT . When NDWI > NDW IT , the pixel was determined to be
a water body pixel. The mask was obtained by combining the results calculated above and
was not included in the subsequent classification.
Built-up and barren land. There is a large area of buildings and barren land in
northern Xinjiang, mainly concentrated in the central and northeastern regions, which has
less precipitation throughout the year and is difficult for vegetation to grow. There are
many studies that have extracted buildings and barren land through the LSWI. The whole
plant growing season shown by the LSWI helped identify barren and built-up land with
relatively high precision [4]. Therefore, the LSWI from March to November was calculated
after taking into consideration the vegetation phenology in northern Xinjiang in this study.
If the pixel values in these months were all less than 0, it was considered to be built-up or
barren land.
Forest land and grassland. Forest land and grassland in northern Xinjiang are mainly
concentrated in the northeast, western, and northwestern regions, while forest land and
grassland in the center of northern Xinjiang are relatively few, which is dominated by
barren land with sparse vegetation. Based on the 30 m resolution samples collected in
2015, the FROM-GLC 10 dataset was used to analyze the land cover map in 2017 with high
overall accuracy [28]. It included crop land, forest land, grassland, etc., which meant that
the forest land and grassland could be obtained based on this dataset.
2.3.3. Pixel-Based Classifier: Random Forest
The random forest classifiers are collections of classification trees, which consist of
K decision trees and P random choices. It was first proposed by Breiman. When an
example is classified, its variables will go to the predictor of K-tree, and K predictions
will be combined by voting for the most popular category with randomness in the whole
process. The random points will train each tree, and the binary problem for each node
is selected from random p input variables. As a machine learning method, the random
forest classifiers can effectively measure the importance of indicators and select features
with high importance and rich information [29], which perform better than other models
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in most cases [30]. In addition, Lawrence and Moran (2015) compared the performance
of various machine learning methods through consistent procedures and 30 different
datasets, and found that the average classification accuracy of random forest was highest,
which was significantly better than other machine learning methods, such as Support
Vector Machines (SVM) [31]. Therefore, it is believed that the random forest model for
cotton field extraction has better performance. In particular, the computational intensity of
random forest classifiers is lower than those of other decision tree ensemble methods. They
effectively integrate the variables and require minimal adjustment and supervision [32].
In this study, the composite of Sentinel-1 and Sentinel-2 data and the indices were
used as classifier inputs. All the pixels outside the masks were trained and classified using
random forest classifiers. Previous studies have shown that the optimal number for the
decision tree is between 10 and 100 [33]. The random forest models under different decision
trees were built in the study, and the overall accuracy and kappa coefficient were used as
the evaluation criteria to explore the optimal number of decision trees. According to the
accuracy of different models, the number of trees we selected was 21. Additionally, the
number of features used in each split was set to be the square root of the number of input
features, which was one of the standard settings for remote sensing [34]. The output of the
classification is the value of 0 and 1, where 0 represents the pixel of non-cotton land cover
and 1 represents the pixel of cotton field.
2.3.4. Object-Based Segmentation: Multi-Scale Image Segmentation
The multi-scale segmentation method, a regional growing segmentation technology, is
used to recognize the boundaries of features. The information about object characteristics
and relationships among classes can be fully utilized. The pixels with high homogeneity
inside the object can be gathered together, which means that there are large differences
between adjacent objects. Most of the segmentation methods are sensitive to noise as well
as abnormal points, which slowly converge in large-scale datasets during the clustering
process, such as the K-means clustering and simple non-iterative clustering methods [35,36].
The diversity of features and different scales of the objects in the remote sensing images
meant that the multi-scale method was finally chosen in this study. The main parameters of
the algorithm include segmentation scale and object heterogeneity index. Among them, the
object heterogeneity index considers the spectral factor and shape factor, and the smoothness and refinement were further included in the shape factor. When the heterogeneity of
all the segmentation control parameters reaches the minimum, the segmentation effect is
best. The calculation formulas for image shape heterogeneity (Equations (1)–(3)), spectral
heterogeneity (Equation (4)), and total object heterogeneity (Equation (5)) are as follows:
hshape = Wsmooth × hsmooth + Wcompactness × hcompactness
hsmooth =

E
B

E
hcompactness = √
N

(1)
(2)
(3)

where hshape is the image shape heterogeneity, Wsmooth represents the weight of smoothness, Wcompactness represents the weight of compactness, hsmooth represents the heterogeneity of smoothness, hcompactness represents the heterogeneity of compactness, and
Wsmooth + Wcompactness = 1. Meanwhile, E represents the perimeter of the object after segmentation, B is the shortest perimeter of the circumscribed rectangle in the horizontal
direction, and N is the pixel number within the quality of object.
c

hcolor =

∑ Wi × σi

i =1

(4)
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where hcolor is the spectral heterogeneity, c represents the total number of bands, Wi
represents the weight of the band i, and σi represents the standard deviation of the band i.
d = Wcolor × hcolor + Wshape × hshape

(5)

where d is the total object heterogeneity, Wcolor represents the weight of spectral heterogeneity, Wshape represents the weight of shape heterogeneity, hcolor represents the spectral
heterogeneity, hshape represents the shape heterogeneity, and Wcolor + Wshape = 1.
After considering the needs of different types of ground object analyses, the best
segmentation effect was obtained by adjusting the segmentation scale using the ESP 2
toolbox, which can calculate the local variance of different objects in a band and maximize
homogeneity within the object [37]. The ESP 2 toolbox can be combined with multi-band
images, using the cross-scale concept to automatically identify parameters to estimate the
optimal scale [38], and the result was fed back using the ROC-LV line graph [39]. When the
LV change rate is largest, the peak appears, and the segmentation scale is best at this time.
After taking into account the spatial heterogeneity between regions, the segmentation was
finally realized at the county level.
2.3.5. Combination of Pixel-Based and Object-Based Approaches
The vector boundary of the ground object was obtained based on the multi-scale segmentation method. Each vector had a unique label and was further marked as “cotton field”
or “non-cotton field” patches through calculating the ratio of cotton pixels in each vector.
Additionally, the threshold was used to divide cotton field and non-cotton field labels.

Label =

cotton, mean > Threshold
non-cotton, mean < Threshold

(6)

In detail, the rice area was extracted at a threshold of 0.6 and the built-up areas were
extracted at a threshold of 0.8 [40,41]. Based on previous studies, the extraction effect of
cotton fields with a threshold ranging from 0.6 to 0.8 was explored, and, finally, a threshold
of 0.75 was chosen after verifying the accuracy of the cotton field maps in northern Xinjiang.
That is, when the average value of the cotton field pixels in the classified patch was greater
than 0.75, the patch was classified as a “cotton field”; otherwise, the patch was classified as
a “non-cotton field.”
2.4. Accuracy Assessment
Accuracy assessment requires high-quality verification datasets collected at an appropriate spatial and temporal scale. Therefore, these verification datasets are an important
part of the mapping process. Ground reference data for 2019 were collected using the
stratified random sampling method for accuracy assessment, which was based on multiple information sources. The FROM-GLC 10 dataset was used as a basis to generate
the cropland, and the cotton field and non-cotton field samples were visually selected by
overlaying the random samples with the high-spatial-resolution images in Google Earth
and the S2 images in 2019. Meanwhile, the true sample points were collected and the
third land survey data were used as an auxiliary reference in the visual procedure. Finally,
the total number of validation samples collected in this study was 947 samples, which
consisted of 225 cotton field samples and 722 non-cotton field samples. These validation
samples were used to calculate the confusion matrix to evaluate the accuracy. The overall
accuracy (OA), producer’s accuracy (PA), user’s accuracy (UA), and kappa coefficient (k)
were calculated, using the following equations:
OA =

TP + TN
TP + FN + FP + TN

PA = TP/( TP + FN )

(7)
(8)
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U A = TP/( TP + FP)
k=

po − pe
1 − pe

(9)
(10)

where TP represents the actual number of cotton fields predicted as cotton fields, TN is
the actual number of non-cotton fields predicted as non-cotton fields, FN is the actual
number of cotton fields predicted as non-cotton fields, FP is the actual number of noncotton fields predicted as cotton fields, po represents the overall classification accuracy, and
pe represents the ratio of the sum of the product of the number of real samples and the
number of predicted samples to the square of the total number of samples.
3. Results
3.1. Key Parameter of Random Forest
As a hotspot method in the field of machine learning, random forest classifiers were
widely used in the classification studies. The number of decision trees in the model
is relatively dominant to the classification results. The random forest classifiers under
different decision trees were constructed in this study, and the OA and kappa coefficient
were used as the evaluation criteria to explore the optimal number of decision trees. The
results showed that the OA and kappa coefficient of the model increased significantly when
the number of the decision tree increased from 0 to 21, and remained basically unchanged
after the decision tree number reached 21 (Figure 4). When the number of decision trees
was 21, the OA and kappa coefficient were 0.932 and 0.813, respectively. The model ran fast
and the overall efficiency was best at this time. It indicated that the number of decision trees
could effectively improve the accuracy of the model, but the accuracy would not change
significantly as the number of decision trees exceeded 21 in this study. When exceeding
Remote Sens. 2021, 13, x FOR PEER REVIEW
10 of 17
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3.2. Spatial Distribution of Cotton Fileds
The 10 m distribution map for cotton fields in northern Xinjiang in 2019 was finally
obtained based on random forest classifiers and the multi-scale image segmentation
method, combined with S1 and S2 data for the five months. Accuracy assessments of the
resultant cotton field map were conducted using the validation samples, and the results
indicated that the extracted cotton field map in this study was highly accurate, with an
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3.2. Spatial Distribution of Cotton Fileds
The 10 m distribution map for cotton fields in northern Xinjiang in 2019 was finally obtained based on random forest classifiers and the multi-scale image segmentation method,
combined with S1 and S2 data for the five months. Accuracy assessments of the resultant
cotton field map were conducted using the validation samples, and the results indicated
that the extracted cotton field map in this study was highly accurate, with an OA, PA, UA,
and kappa coefficient of 0.932, 0.846, 0.871, and 0.813, respectively.
The results showed that the total area of cotton fields in northern Xinjiang in 2019 was
8.66 × 103 km2 (Figure 5). Cotton fields were mainly distributed in 15 out of 34 counties
(with area of cotton fields larger than 10 km2 ), and the two counties with the largest area of
cotton fields were Shawan County and Wusu City, with planting areas of 2.36 × 103 km2
and 1.76 × 103 km2 , respectively. The cotton field planting areas in Huocheng County
and Shihezi City were relatively small (15.7 km2 and 36.0 km2 , respectively). The spatial
distribution characteristics of the cotton fields showed that they were mainly concentrated
in the central part of northern Xinjiang and the plains north of the Tianshan Mountains.
There was a continuous distribution of large cotton fields, mainly in Shawan County
(2.36 × 103 km2 ), Wusu City (1.76 × 103 km2 ), Manasi County (1.30 × 103 km2 ), Hutubi
County (8.71 × 102 km2 ), and Karamay District (6.27 × 102 km2 ). However, compared
Remote Sens. 2021, 13, x FOR PEER REVIEW
11 of 17
to the other crops, the cotton fields planting area in the north of northern Xinjiang was
relatively small because the main crop was winter wheat.
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3.3. Optimal Phenological Phase
It was difficult to obtain the remote sensing data during the critical periods of the
crop growing season because they were frequently affected by the cloud cover. This study
focused on exploring the optimal month for mapping cotton fields, which could be used
to simplify the work of crop classification by filtering the crop phenological phases. The
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3.3. Optimal Phenological Phase
It was difficult to obtain the remote sensing data during the critical periods of the
crop growing season because they were frequently affected by the cloud cover. This study
focused on exploring the optimal month for mapping cotton fields, which could be used
to simplify the work of crop classification by filtering the crop phenological phases. The
cotton fields were extracted based on single-phase data from May to September and the
combined data from different phases. The results showed that in the case of single-phase
data extraction, mapping cotton fields based on the data in August was highly accurate,
with the highest OA and kappa coefficient of 0.921 and 0.783, respectively (Table 3). The
cotton characteristics were quite different from other crops in mid-to-late August because
it was in the boll opening stage. The accuracy of the cotton field map based on the data
in May was lowest, with the OA and kappa coefficient of 0.838 and 0.532, respectively
(Table 3). At that time, the cotton was at the seedling stage, which was similar to the
characteristics of other crops in the same growth period, such as corn.
Table 3. Accuracy of the cotton field extraction with different phases.
Month

Overall
Accuracy

User’s
Accuracy

Producer’s
Accuracy

Kappa
Coefficient

May
Jun.
Jul.
Aug.
Sep.
May and Jun.
May and Jul.
May and Aug.
May and Sep.
Jun. and Jul.
Jun. and Aug.
Jun. and Sep.
Jul. and Aug.
Jul. and Sep.
Aug. and Sep.
May, Jun., and Jul.
May, Jun., Jul., and Aug.
May, Jun., Jul., Aug., and Sep.

0.838
0.914
0.902
0.921
0.899
0.923
0.916
0.920
0.915
0.923
0.925
0.910
0.921
0.920
0.921
0.916
0.928
0.932

0.685
0.824
0.797
0.826
0.784
0.844
0.817
0.842
0.834
0.830
0.847
0.809
0.820
0.825
0.818
0.832
0.849
0.846

0.591
0.813
0.787
0.844
0.791
0.825
0.835
0.840
0.804
0.849
0.835
0.813
0.853
0.840
0.858
0.813
0.849
0.871

0.532
0.763
0.728
0.783
0.721
0.787
0.771
0.790
0.764
0.789
0.792
0.752
0.784
0.780
0.785
0.768
0.802
0.813

The results for the multi-phase data extraction of the cotton fields showed that combining the images in June and August could achieve better accuracy, with an OA and
kappa coefficient of 0.925 and 0.792, respectively. In both months, the cotton was in the
late seedling stage and the early boll opening stage, respectively, making the remote
sensing characteristics of cotton fields and other crops quite different. Furthermore, the
area of cotton fields extracted based on remote sensing images in June and August was
8.65 × 103 km2 with less than 1% error compared to the area of cotton fields extracted
based on the whole growth period. Therefore, based on the multi-phase data in June and
August, the classification method could effectively reduce feature redundancy in the cotton
field extraction process and the image processing workload, which would improve the
efficiency of cotton field extraction. In this case, the high-precision identification of cotton
fields could be achieved during the boll opening period (August). Cotton harvesting in
northern Xinjiang was concentrated in early-to-mid October, and thus the mapping work
could be completed about 40 days before the harvest. This would provide timely and
accurate decisions supporting the spatial allocation of labor for cotton harvesting.
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4. Discussion
4.1. Key Classification Features

The variable importance of each index can be obtained based on the random forest classifiers, and then the contribution of different features to the model can be determined [42].
It was found that the EVI and the red edge bands (especially band 6) were the most
important predictors in the cotton fields extraction process, with the EVI ranked second
(Figure 6). Furthermore, it has also been used in previous studies on land surface coverage
classification to produce high-precision land use/cover maps, such as shrubs, rice fields,
and soybean fields [43–45]. Meanwhile, S2 band 6 (RE2) was the most important band
in the red edge bands and its importance for crop classification was also confirmed by
Radoux et al. (2016) [46]. However, Forkuor et al. (2017) found that S2 band 5 (RE1)
performed better than RE2 and S2 band 7 (RE3) [47], which was the opposite of our results.
The contrary differences in these results may be caused by the different crops that were
focused on in the studies. Furthermore, the contribution made by S2 band 11 (SWIR) was
not obvious in the crop classification, and Immitzer et al. (2016) also confirmed its weak 13 of 17
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contribution in the classification of some crops, although it played an important role in
farmland extraction [48,49].
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based on SAR data.
The results also showed that the cotton fields could be effectively identified based on
the images obtained from a designated phenological phase. Additionally, combining
multi-source Sentinel data increased the visit time and improved the spatial resolution of
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multi-source Sentinel data increased the visit time and improved the spatial resolution of
the data usually applied in crop extraction [52]. Based on the combination of S1 and S2
data, a cotton field map at a higher resolution could be drawn within a certain phenological
phase. Converting “whole growing stage” extraction into “specific phenological phase”
extraction greatly simplifies the extraction work of cotton fields [53], and it could overcome
problems associated with cloud cover in some periods of some areas. In particular, the
phenological extraction algorithm based on S1 and S2 data could provide more detailed
spatial information than the MODIS and Landsat images-based ones because there are
fewer mixed pixels in the Sentinel data. With the free provision of Sentinel data, it could
eventually support real-time crop monitoring in the future. The extraction method using
a single-period phenological feature index based on S1 and S2 data would improve the
ability to map and characterize cotton fields and could be applied to the extraction of
other crops.
4.2. Appilications and Limitations
High-resolution crop mapping over large areas is a major challenge in agricultural
remote sensing [54]. The single satellite sensor has inherent observation limitations, which
is the main reason for the current low accuracy of crop monitoring [55]. Therefore, in view
of the shortcomings of the single satellite data source, it should be further strengthened for
the collaborative inversion of different data sources, especially through combining optical
remote sensing with radar and other sensors to generate high-quality crop monitoring data
products in the future [56].
Meanwhile, it is also needed to focus on the defects and requirements in the existing
methods of crop monitoring. In previous studies, it was difficult to obtain high-resolution
remote sensing images, the process of dealing with a large number of images was complicated, and the cost of large-scale cotton field mapping was relatively high. Now, the
platforms such as GEE have partly solved the shortcomings of a few working groups with
powerful computing capability, which is necessary for large-scale and high-resolution crop
mapping [57,58].
Besides, the remote sensing image is often affected by various factors such as cloud
cover, making it difficult to find a suitable one in a certain area. Combining the S1 and
S2 data can greatly reduce the influence of the factors, such as their behaving in cotton
field mapping in this study. It was also proved that the combination of S1 and S2 had
great feasibility and reliability for cotton field mapping in northern Xinjiang. Moreover,
the combination of random forest and multi-scale image segmentation was used to extract
cotton fields, which provided a new approach for crop mapping. Compared with the
traditional methods, this approach can reduce the influence of noise generated in the
mapping process [59]. It was proposed that cotton field mapping could be accurately
achieved about 40 days before harvest, which was of great significance for agricultural
system management [53]. Based on the information of crop extraction in different periods,
we can accurately identify its spatial distribution in time. The early realization of crop
identification can help with decision making related to crop management and the associated
disaster warning. For example, local government can respond fast to certain disasters, such
as developing harvesting plans [60].
Furthermore, some potential sources of uncertainty affecting the mapping results
still exist. The FROM-GLC 10 dataset was used in this study to eliminate interference by
forest land and grassland, although the dataset had its limitations, such as the classification
error [61]. Additionally, the complexity of the region could cause uncertainty about the
threshold for fusing the pixel-based and object-based methods. Therefore, the threshold
needs to be adjusted when applied to different regions. Meanwhile, mapping cotton fields
was only applied to northern Xinjiang in 2019 in this study. In addition, different methods
should be applied and compared to verify the specific performance of the method proposed
in this study. That is to say, far more extensive studies should be conducted in cotton field
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mapping using different methods, expanding the range of the study area, and increasing
the time range.
5. Conclusions
Obtaining the planting area and spatial distribution of cotton fields is essential for
timely and accurate agricultural management in northern Xinjiang. However, there is
currently no suitable large-scale and high-resolution cotton field monitoring method, and
the timing and important characteristics of cotton fields are not clear. Therefore, a new
framework for mapping cotton fields was developed in this study. It used optical and SAR
data for different phenological periods, and random forest classifiers and the multi-scale
image segmentation method were combined to extract the cotton fields. It can reduce the
interference of cloud cover and make less noise in the extraction process, providing an
effective approach for high-resolution and high-precision cotton field mapping. Using the
proposed framework, we generated a cotton field map for northern Xinjiang in 2019 at a
spatial resolution of 10 m. The results showed that S1 and the red edge bands in S-2 were
most important for mapping cotton fields, and the fusion of optical images and microwave
images for crop mapping showed great potential. Meanwhile, the boll opening stage was
the best phenological phase for mapping cotton fields, which was about 40 days before
harvest, and thus, local government would have enough time to make harvesting labor
allocation decisions. The proposed new framework has great potential to be applied in the
mapping and monitoring of other crops.
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