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Abstract: High-resolution crop type mapping is of importance for site-specific agricultural man-
agement and food security in smallholder farming regions, but is challenging due to limited data
availability and the need for image-based algorithms. In this paper, we developed an efficient object-
and pixel-based mapping algorithm to generate a 10 m resolution crop type map over large spatial
domains by integrating time series optical images (Sentinel-2) and synthetic aperture radar (SAR)
images (Sentinel-1) using the Google Earth Engine (GEE) platform. The results showed that the
proposed method was reliable for crop type mapping in the study area with an overall accuracy (OA)
of 93.22% and a kappa coefficient (KC) of 0.89. Through experiments, we also found that the monthly
median values of the vertical transmit/vertical receive (VV) and vertical transmit/horizontal receive
(VH) bands were insensitive to crop type mapping itself, but adding this information to supplement
the optical images improved the classification accuracy, with an OA increase of 0.09–2.98%. Adding
the slope of vegetation index change (VIslope) at the critical period to crop type classification was
obviously better than that of relative change ratio of vegetation index (VIratio), both of which could
make an OA improvement of 2.58%. These findings not only highlighted the potential of the VIslope

and VIratio indices during the critical period for crop type mapping in small plots, but suggested that
SAR images could be included to supplement optical images for crop type classification.

Keywords: crop type mapping; random forest; vegetation indices; phenological characteristics; Jiaozuo

1. Introduction

The ongoing worldwide population growth and improvement in living standards have
inevitably led to substantial demands for food and biofuel, which is imposing increasing
pressure on cropland systems [1,2]. With the rapid socioeconomic development and urban-
ization in recent decades, the expansion of built-up land, shrinkage of agricultural land,
and increased fragmentation present a serious threat to cropland ecosystem functioning
and environmental processes [3,4]. It is, therefore, essential to strengthen regional cropland
management and implement precision farming, which requires accurate and up-to-date
information about cropland area and distribution. A series of land-cover products, such
as MCD12Q1, Globeland30, and GlobCover, are available worldwide [5–7], but few crop
classification maps have been produced. A few crop-type products have been created in
some developed countries [8–10], but it remains an enormous challenge in many other
parts of the world, especially in regions with smallholder farming systems [11].

Despite the generation of crop type maps using MODIS and Landsat data, there are
still large uncertainties because of the small field size, heterogeneous management, and
fragmented landscape in smallholder agriculture systems. Sentinel-2 is an Earth observation
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mission launched by the European Union Copernicus Program in June 2015 (Sentinel-2a)
and March 2017 (Sentinel-2b), which has made it possible to acquire time series of optical
images with a fine spatial resolution. In recent years, Sentinel-2 images have been widely
used for crop type mapping in different regions. For example, Vuolo et al. mapped nine
farmland classes in an agricultural region in Austria [12], Ni et al. generated a map of rice
distribution in northeast China [13], and Zurqani et al. classified irrigated and dryland
agricultural areas across the coastal plains of South Carolina, USA [14]. However, optical
data are usually vulnerable to weather conditions, which present a significant challenge
in terms of the application of continuous optical images in agriculture. In contrast with
optical images, synthetic aperture radar (SAR) signals can penetrate clouds and obtain
temporally continuous data regardless of the weather conditions [15]. The combination of
these two datasets could provide an unparalleled opportunity to capture the spatiotemporal
patterns of crop types [16,17]. Pixel-based classification has been used in many studies for
crop classification, as well as water and basic land-cover type identification [18–20], but
such classifications are always prone to salt-and-pepper noise. The object segmentation
method using contextual information, such as texture and compactness, can resolve this
issue when using high-resolution imagery [21,22]. Combinations of pixel-based methods
and object segmentation may result in more accurate and robust classification [23].

Several remote sensing approaches have been developed in recent decades for accurate
and timely crop classification. Some studies generated cropland distribution maps by
analyzing crop phenological cycles based on high-temporal-resolution vegetation index (VI)
data, including the enhanced vegetation index (EVI) and normalized difference vegetation
index (NDVI), among other indices. For example, determination of phenological similarity
by the time-weighted dynamic time warping method was applied to identify sugarcane
plantations [24]. Time series profiles of winter wheat growth have been used to quantify
winter wheat maps [25]. Phenological thresholds based on the crop calendar have been
applied to pap paddy rice planting areas [26]. However, despite the many advantages of
using phenological metrics in crop discrimination, the spectral characteristics at specific
phenological stages should be carefully investigated due to the problem of different objects
having similar spectral signatures [27,28]. Other studies have utilized machine learning
methodologies for cropland mapping, such as support vector machine [29], decision trees,
random forest (RF) [30,31], neural network methods [32], and classification and regression
tree [33]. These supervised methods play an important role in improving crop classification,
but rely strongly on the quality of ground training data and input parameters [28]. A large
number of features might result in a loss of accuracy and longer computing times [34].

In summary, this paper attempts to achieve a highly accurate large-scale crop type
classification for a smallholder farming system, using a combination of Sentinel-2 and
Sentinel-1 time-series images. We first applied general indices and the RF method by
combining the pixel-based classification with image segmentation to mask the non-cropland
surfaces in the study area. Second, we developed two phenological parameters for the
masked cropland trajectories as an input for an RF mapping algorithm, and we evaluated
the impacts of these indices on crop type classification. Lastly, we created crop type maps
at 10 m resolution and analyzed the accuracy.

2. Materials and Methods
2.1. Study Area

Jiaozuo City is located in the central region of China, north of Henan Province, and it
covers an area of 4071 km2 (34◦48′N–35◦29′N, 112◦33′E–113◦38′E; Figure 1). The altitude
decreases from northwest to southeast, with the Taihang Mountains being in the north
and plains being in the south (Figure 1b). The climate of this region is a typical temperate
monsoon climate, characterized by a hot and rainy summer, as well as a cold and dry winter,
with a mean annual average air temperature of about 14.9 ◦C and annual precipitation of
about 600 mm. The soil in this area mainly belongs to cinnamon soil and brown soil. As
a typical mountain–plain transition zone, it has an abundance of vegetation types, with
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excellent conditions for agricultural production. According to the Jiaozuo City Statistical
Yearbook (2019 and 2020), cropland accounts for about 83.7% of the total area. The main
crops in summer are maize, peanut, soybean, cotton and medicinal materials (mainly
incorporating yam), which account for 64.71%, 10.22%, 2.15%, 0.08%, and 4.48% of the
planting area, respectively (Figure 1c). In addition, different types of fruits and vegetables
are planted in greenhouses and fragmentary planting systems. The maize cultivated
area of each county unit is larger, especially in Xiuwu County and the urban area (about
85% of the total planting area). Peanut is primarily cultivated in Wenxian, Wuzhi, and
Mengzhou Counties, whereas yam is mainly planted in Wenxian County. Due to the
traditional smallholder farming system, farmland per capita is approximately between
0.1 and 0.2 ha, and crops are mainly grown in small cropland fields [35]. Summer maize,
peanuts, and soybeans are planted from late May to June and harvested from late September
to early November, while cotton and yams are planted earlier from late March to mid-April.
Cotton is harvested from September to October, and yams are harvested from late October
to November.
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Figure 1. (a) Geographical location of the studied area. (b) Spatial distribution and elevation of the
sampling points in Jiaozuo City. (c) Percentage area covered by the major summer crops in Jiaozuo
City in 2018 and 2019.

2.2. Data Preprocessing
2.2.1. Sentinel-2 Imagery

Sentinel-2 consists of two satellites, launched in June 2015 (Sentinel-2A) and March
2017 (Sentinel-2B), with a revisit period of 5 days. The Sentinel-2 sensor has a total of
13 spectral bands including visible light, near-infrared, and short-wave infrared; this study
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used bands 2–4 and band 8 (with spatial resolution of 10 m), as well as bands 5–7 and bands
11–12 (with a spatial resolution of 20 m). A total of 263 Sentinel-2 (Level-1C) images were
used as the optical data for this study (Figure 2a). To remove cloud and cloud shadows, the
C Function of Mask (CFMask) algorithm was used, and the result of “de-cloud processing”
is shown in Figure 2b. Then, bands 5–7 and bands 11–12 were resampled to 10 m. To
generate high-quality composites, we used a 10 day synthesis method to improve the
accuracy of the phenological period of crops [36]. For synthesized images that did not
cover the entire study area, we used the median value of images captured 10 days before
and after for interpolation. Lastly, the monthly median values of bands 2–8 and bands
11–12 were calculated.
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Three VIS, namely, the NDVI, land surface water index (LSWI), and EVI, were also
used as complementary layers for each Sentinel-2 image. The NDVI can monitor the
growth of crops very well [37]. The EVI is an “optimized” VI with greater sensitivity
in areas with high crop variety [38]. The LSWI is sensitive to the total amount of liquid
water in vegetation [39]. The equations used to calculate these derived indices are as
follows [40–42]:

NDVI =
NIR − RED
NIR + RED

(1)

EVI = 2.5× NIR − RED
NIR + 6× RED − 7.5× BLUE + 1

(2)

LSWI =
NIR − SWIR
NIR + SWIR

(3)

We used the Savitzky–Golay (S–G) algorithm to reconstruct the time series VI and
spectral bands because, although the original timeseries VI and spectral bands use an
interpolation algorithm, there is still noise [43].

2.2.2. Sentinel-1 Imagery

Sentinel-1 is a SAR system with a 12 day revisit period and a spatial resolution of
10 m. The satellite acquires C-band data in dual polarization, ascent, and descent modes.
Sentinel-1 data were used in this study because some studies have reported that SAR data
can improve crop classification and depict crop phenology with high accuracy [31,44]. A to-
tal of 26 scenes of Sentinel-1 images were acquired during the summer crop growth period
using the GEE (Figure 2c). All of the Sentinel-1 images were preprocessed by the Sentinel-
1 toolbox, including thermal noise removal, radiometric scaling, and terrain correction.
However, Sentinel-1 data were also affected by speckle noise, which randomly appeared in
the images [45]. The Lee filter algorithm was then used to remove this noise in this study
(Figure 3) [46]. In addition to the selection of vertical transmit/vertical receive (VV) and
vertical transmit/horizontal receive (VH) polarization bands, we calculated six texture
features of the VV and VH polarization bands through the gray-level cooccurrence matrix
(GLCM), namely, angular second moment, contrast, correlation, variance, inverse differ-
ential moment, and sum average [47]. However, through the feature importance ranking
results, we found that the texture features of the VV and VH polarization bands had little
influence on the crop classification results; thus, we removed the texture features of VV
and VH polarization bands in this study.

2.2.3. Ground Reference Dataset

A total of 763 sample points were collected in 2021, including water (33 points),
impervious surface (102 points), forest (60 points), grassland (44 points), maize (222 points),
peanut (120 points), soybean (60 points), yam (45 points), cotton (46 points), and other
crops (31 points) (Figure 1b). In the field survey, we obtained the coordinates of the type of
crop land through real-time kinematics (RTK), a measuring instrument capable of obtaining
centimeter-level positioning accuracy in real time in the field. Most of the field points were
collected in areas of uniform land use, which were longer than 20 m in each direction. To
ensure consistency between the reference data and imagery, we set the buffer distance for
each training sample to 10 m [14]. To avoid classification overfitting, we randomly divided
all samples into training samples (about 60%) and validation samples (about 40%). We
also generated buffer polygons for the validation samples of each crop type based on field
survey data and Google Earth images, and we finally collected 27 polygons (11,254 pixels)
for the maize, 20 polygons (9119 pixels) for the peanut, 12 polygons (1700 pixels) for the
yam, 15 polygons (4903 pixels) for the soybean, four polygons (397 pixels) for the cotton,
and four polygons (206 pixels) for the other crops as validation samples. These polygonal
buffers were superimposed with the Google Earth high resolution images, and the crop
type validation grids were obtained through visual interpretation. We also obtained
city- and county-level statistics from the Jiaozuo City Statistical Yearbooks in 2019 and
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2020 for comparison with the results obtained in this study. The data are available at:
https://tjj.jiaozuo.gov.cn/template, accessed on 13 June 2022.
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2.2.4. Land-Cover Map in 2020

A 30 m land-cover map of China for 2020 (LCM30) was acquired from the Global
Geoinformation Public Product (GlobeLand30; http://www.globallandcover.com/, ac-
cessed on 18 May 2022). The LCM30 was generated using Landsat images and 16 m spatial
resolution High Fraction 1 (GF-1) multispectral images from 2020, with an overall accu-
racy (OA) of 85.72% and kappa coefficient (KC) of 0.82. In the LCM30 map, there were
10 primary land use land cover (LULC) types (cropland, grassland, forest, urban areas, etc.,
details of which can be found in [48]). However, the classification system of the map did
not include a crop type layer. We compared the land-cover map generated in this study
with the LCM30 map.

2.3. Methods
2.3.1. Crop Type Mapping Algorithms

We developed a combination of object-based and pixel-based mapping algorithm for
summer crop type maps (Figure 4). The algorithm was divided into two parts for each pixel:
(1) identification of the primary land-cover map for cropland masks, and (2) classification of
the type of crop land (based on introducing phenological characteristics at critical stages).

https://tjj.jiaozuo.gov.cn/template
http://www.globallandcover.com/


Remote Sens. 2022, 14, 5458 7 of 20

Remote Sens. 2022, 14, x FOR PEER REVIEW 7 of 21 
 

 

images, and the crop type validation grids were obtained through visual interpretation. 

We also obtained city- and county-level statistics from the Jiaozuo City Statistical Year-

books in 2019 and 2020 for comparison with the results obtained in this study. The data 

are available at: https://tjj. jiaozuo.gov.cn/template, accessed on 13 June 2022. 

2.2.4. Land-Cover Map in 2020 

A 30 m land-cover map of China for 2020 (LCM30) was acquired from the Global 

Geoinformation Public Product (GlobeLand30; http://www.globallandcover.com/, ac-

cessed on 18 May 2022). The LCM30 was generated using Landsat images and 16 m spatial 

resolution High Fraction 1 (GF-1) multispectral images from 2020, with an overall accu-

racy (OA) of 85.72% and kappa coefficient (KC) of 0.82. In the LCM30 map, there were 10 

primary land use land cover (LULC) types (cropland, grassland, forest, urban areas, etc., 

details of which can be found in [48]). However, the classification system of the map did 

not include a crop type layer. We compared the land-cover map generated in this study 

with the LCM30 map. 

2.3. Methods 

2.3.1. Crop Type Mapping Algorithms 

We developed a combination of object-based and pixel-based mapping algorithm for 

summer crop type maps (Figure 4). The algorithm was divided into two parts for each 

pixel: (1) identification of the primary land-cover map for cropland masks, and (2) classi-

fication of the type of crop land (based on introducing phenological characteristics at crit-

ical stages). 

 

Figure 4. Flowchart of the proposed methodology for crop type classification within the GEE plat-

form. 
Figure 4. Flowchart of the proposed methodology for crop type classification within the GEE platform.

The time series curves of the VI, VV, and VH polarization bands were very different be-
tween cropland and non-cropland (Figure 5). Ghorbanian et al. successfully distinguished
land-cover types on the basis of synthetic aperture radar (SAR) imagery and monthly
median values of common vegetation indices for Iran [30]. Huang et al. used time series
NDVI and spectral bands to draw a land-cover map of Beijing based on Landsat images [49].
To avoid interference from non-cropland areas (e.g., meadow, forest, water, and urban
areas), we first classified primary land cover into five types to obtain the cropland layer. We
constructed a feature set including the monthly median values of VV and VH polarization
bands in Sentinel-1 data, the monthly median values of bands 2–8 and 11–12 in Sentinel-2
data, and the monthly median values of EVI, LSWI, and NDVI. A pixel-based land-cover
map (LCM) was generated on the basis of this feature set and RF method. To avoid the
noise associated with pixel-based classification, we combined object segmentation and
pixel-based classification to improve the accuracy and remove “speckle” noise [22,31]. The
simple noniterative clustering (SNIC) image segmentation method of the GEE platform
was used to segment the cloud-free Sentinel-2 data, and the segmentation results were
combined with the results of a pixel-based classification. An important parameter of the
SNIC function is the seed, the size of which directly affects the results of object segmenta-
tion. Through multiple simulations, for areas with a single feature type, such as land types
with only forests or buildings, the seed value was set to 50, and, in areas where cropland
and other land types coexist, we set the seed value to 30. On the basis of the pixel-based
classification results, the area of each primary land-cover type within each segmented
object was calculated. The category of each object was that of the land-cover type with the
largest area within the object. Then, a cropland/non-cropland binary map was generated,
and the satellite data were finally masked by the cropland layer.

The RF is reportedly the most stable and accurate classifier for crop land mapping
across different agricultural systems, which is very popular in the field of remote sens-
ing [50–52]. The RF is an ensemble classifier that contains a number of decision trees, where
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the optimal classification result is voted on the basis of the classification results of each
decision tree [53]. The number of trees is a key parameter for classification. In this study,
we selected the number of trees in each classifier by simulating the classification accuracy
according to the number of trees. Lastly, the number of trees for the classifier used to
generate the LCM was set to 80, and the number of trees for crop type classification was set
to 65. In addition, to ensure stability and accuracy of classification, we used the “explain”
function of the GEE platform to determine the importance of all features, sorted the features
according to their importance, and used the sorted results as a feature set for training [11].
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Figure 5. Median vegetation index values, as well as VV and VH polarization band values, for
primary land cover in the study area based on all of the training points.

Furthermore, as can be seen in Figure 6, there were special spectral characteristics
at the beginning and end of the growing season, although the time series curves of the
NDVI, EVI, and LSWI for the different crop types had many similarities during the whole
growth period. To highlight the discriminative features at some specific and key points
on the time series profile, two phenological indices at key growth stages, namely, slope
of vegetation index change (VIslope) and relative change ratio of vegetation index (VIratio),
were developed. Definitions of the index formulas used are as follows:

NDVIslope = 100× NDVIi+1 − NDVIi

DAYi+1 − DAYi
(4)

EVIslope = 100× EVIi+1 − EVIi

DAYi+1 − DAYi
(5)

LSWIslope = 100× LSWIi+1 − LSWIi

DAYi+1 − DAYi
, (6)

NDVIratio =
NDVI − NDVImax

NDVImax − NDVImin
(7)

EVIratio =
EVI − EVImax

EVImax − EVImin
(8)

LSWIratio =
LSWI − LSWImax

LSWImax − LSWImin
(9)

where VIi is the value of the VI on the i-th day, VIimin is the minimum value of VI during
key growth stages, and VImax is the maximum value of VI during key growth stages.

Moreover, an excessive number of input features may affect the classification re-
sults [54] and the efficiency of the GEE platform. Therefore, the monthly median values
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of VI, VIslope, and VIratio at the key growth stages of the growing season (June and Oc-
tober) were proposed for crop classification (colored frame in Figure 6). To evaluate the
advantages of the proposed new indices and assumption, five schemes were developed
as follows:

Scheme 1: the monthly median values of the VV and VH polarization bands and bands
2–8 and 11–12, as well as the EVI, NDVI, and LSWI during the crop growing period, were
used for classification.

Scheme 2: the monthly median values of the VV and VH polarization bands and bands
2–8 and 11–12, as well as the EVI, NDVI, and LSWI during the key growth stages, were
used for classification.

Scheme 3: on the basis of scheme 2, VIslope was added at key growth stages for
classification.

Scheme 4: on the basis of scheme 2, VIratio was added at key growth stages for
classification.

Scheme 5: on the basis of scheme 2, both VIslope and VIratio were added at key growth
stages for classification.
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Figure 6. Median vegetation index values of the major crop types in the study area based on all of
the training points.

Meanwhile, to reduce confusion among different crops, the pixel-based crop classifica-
tion results were combined with image segmentation to create clear crop distribution map.
For areas with complex crop types, we set the seed value to 10.

2.3.2. Accuracy Assessment

Generally, OA and KC are used to evaluate classification results, but the KC value may
be contingent, and it is difficult to reflect the classification accuracy [55]; hence, in addition
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to OA and KC, we also calculated producer’s accuracy (PA), user’s accuracy (UA), and
F1-score to evaluate the accuracy of classification. The F1-score is a metric for measuring the
agreement between classified and reference samples; the F1-score is defined as follows [56]:

F1− Score = 2× UA× PA
UA + PA

(10)

For a more comprehensive visual interpretation, we compared our results with the
LCM30 and high-resolution Google Earth images in four subsets for cropland mask as-
sessment. Additionally, the type of crop land was further compared with high-resolution
Google Earth images in three other subsets.

3. Results
3.1. Annual Map of Land-Cover Types in 2021

Figure 7 and Table 1 show the primary land-cover classification accuracy. According
to the primary land-cover classification results, the OA and KC values were 95.42% and
0.89, respectively. Specifically, meadow was the main class incorrectly mixed with other
land-cover types, with PA, UA, and F1-Score < 80%. This may be partly due to the confusion
between forest and meadow, with about 17.65% of the meadow test sample points being
misclassified as forest and 17.39% of the forest test sample points being misclassified as
meadow. Meadows were also easily confused with green belts in built-up areas, with about
2.44% of urban test samples being misclassified as meadows. Due to the relatively distinct
spectral features and temporal patterns of cropland with other primary land-cover types,
the PA, UA, and F1-scores of cropland appeared higher than 98%.
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Table 1. Classification accuracy for primary land cover over Jiaozuo City based on pixel- and
object-based mapping algorithms.

Class
Error Matrix Accuracy (%)

Crop Forest Meadow Impervious Surface Water Producer’s User’s F1-Score OA

Crop 209 0 0 3 0 98.56 98.56 98.56

95.42
Forest 0 19 3 1 0 78.95 84.21 81.50

Meadow 1 3 13 0 0 69.23 69.23 69.23
Impervious Surface 1 0 1 39 0 94.87 89.74 92.23

Water 1 0 0 0 12 91.67 100.00 95.65
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It can be clearly observed that there was a significant improvement in the primary
land cover using the proposed methodology, although the spatial pattern of these land-
cover types was generally consistent with LCM30 (Figures 7 and 8). For instance, the
proposed methodology successfully delineated impervious surfaces and meadow classes
(Figure 8a0–a2), while these classes were mostly misclassified as cropland in LCM30, which
could be due to the coarse spatial resolution of LCM30 and single optical image sources.
The proposed methodology also discriminated the forest and accurately classified the
southeast region into forest, meadow, and cropland classes (Figure 8b0–b2). In addition, it
is evident from Figure 8c0–c2 that the water class was better classified using the proposed
method compared to LCM30. Furthermore, the proposed approach was capable of correctly
delineating the area covered by cropland and green belt in the rural–urban–cropland
ecotone (Figure 8d0–d2). These results indicate that the proposed methodology may be
satisfactory for cropland masking.
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Figure 8. Comparisons of a primary land-cover map derived from high-resolution Google Earth
images (a0–d0), LCM30 (a1–d1), and this study (a2–d2) for four subsets. a0–d0 are true colors of
Sentinel-2 (mean values from 1 May 2021 to 31 October 2021), corresponding to a–d in Figure 7.

3.2. Annual Map of Major Crop Types in 2021

Table 2 shows the change in crop type classification accuracy for the different schemes.
As shown in Table 2, the classification accuracy of scheme 2 was higher than that of scheme
1, indicating that introducing common vegetation indices at the beginning and end of the
growing season and reducing common vegetation indices during other periods improved
the crop type classification accuracy. The scheme including VIslope at the critical period
achieved an OA of 91.92% and KC of 0.88 for the crop type classification, and it was superior
to scheme 2. Thus, adding the VIslope at the critical period for crop type classification could
be beneficial for classification accuracy. In comparison, adding the VIratio at the critical
period on the basis of scheme 2 did not improve the overall classification accuracy much
(scheme 4), but greatly improved the classification accuracy for yam, which suggested that
the VIratio at the critical period was more useful for low-stem crop classification. Overall,
scheme 5 including both VIratio and VIslope in the critical period of crop growth yielded
the best classification performance, with an OA of 93.22% and KC of 0.89. Scheme 5 also
achieved a larger PA, UA, and F1-score for each crop type map. This finding indicates the
importance of combining VIratio and VIslope in the critical period for crop type classification.
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Table 2. Crop type classification accuracy of different schemes based on the pixel- and object-based
mapping algorithm.

Cropland

Scheme 1 Scheme 2 Scheme 3 Scheme 4 Scheme 5

Producer’s
(%)

User’s
(%)

F1-
Sore
(%)

Producer’s
(%)

User’s
(%)

F1-
Sore
(%)

Producer’s
(%)

User’s
(%)

F1-
Score
(%)

Producer’s
(%)

User’s
(%)

F1-
Score
(%)

Producer’s
(%)

User’s
(%)

F1-
Score
(%)

Maize 99.09 93.27 96.09 98.01 93.87 95.90 98.98 88.31 93.34 98.94 93.22 95.99 98.98 93.27 96.04
Peanut 93.79 87.31 90.43 93.64 90.33 91.96 90.85 95.55 93.15 92.64 87.92 90.22 90.56 96.54 93.45

Yam 61.82 87.51 72.46 61.00 87.14 71.76 83.64 88.87 86.18 77.47 81.95 79.65 85.35 87.25 86.29
Other 100 96.74 98.34 84.13 100 91.38 100 91.22 95.41 100 91.63 95.63 99.04 88.40 93.42

Soybean 68.12 83.79 75.15 75.28 87.31 80.85 79.62 93.11 85.84 67.32 89.21 76.73 81.19 93.36 86.85
Cotton 100 92.78 96.25 100 85.40 92.13 100 91.02 95.30 100 80.04 88.91 100 87.54 93.36
OA (%) 89.55 90.64 91.92 89.93 93.22

KC 0.84 0.87 0.88 0.85 0.89

To make the results of this classification more obvious, four image subsets correspond-
ing high-resolution Google Earth images were produced (Figure 9). It can be seen from
Figure 9 that the results of scheme 5 were roughly consistent with the field survey and high-
resolution Google Earth images. For example, it successfully delineated cotton, maize, and
peanut points, and it distinguished the cotton boundary more clearly (Figure 9a5), whereas
schemes 1–4 had more broken areas for cotton and peanut regions (Figure 9a1–a4). More-
over, soybean and yam patches were also clearly identified in Figure 9b5,d5 under scheme
5. However, some parts of the peanuts and soybeans were confused (Figure 9b5), which
could be partly attributed to the similar growth features, but also to the smaller size of the
seed points set for areas with complex crop types when we performed image segmentation.

Remote Sens. 2022, 14, x FOR PEER REVIEW 13 of 21 
 

 

Cotton 100 92.78 96.25 100 85.40 92.13 100 91.02 95.30 100 80.04 88.91 100 87.54 93.36 

OA (%) 89.55 90.64 91.92 89.93 93.22 

KC  0.84 0.87 0.88 0.85 0.89 

To make the results of this classification more obvious, four image subsets corre-

sponding high-resolution Google Earth images were produced (Figure 9). It can be seen 

from Figure 9 that the results of scheme 5 were roughly consistent with the field survey 

and high-resolution Google Earth images. For example, it successfully delineated cotton, 

maize, and peanut points, and it distinguished the cotton boundary more clearly (Figure 

9a5), whereas schemes 1–4 had more broken areas for cotton and peanut regions (Figure 

9a1–a4). Moreover, soybean and yam patches were also clearly identified in Figure 9b5,d5 

under scheme 5. However, some parts of the peanuts and soybeans were confused (Figure 

9b5), which could be partly attributed to the similar growth features, but also to the smaller 

size of the seed points set for areas with complex crop types when we performed image 

segmentation.  

 . 

 

Figure 9. Comparisons of crop type maps derived from high-resolution Google Earth images and 

the five schemes. (A) is the crop-land distribution map based on scheme 5. (a0,b0) denote the false 

color of Sentinel-2 (median from 10 June 2021 to 30 June 2021). (c0,d0) denote the false color of Sen-

tinel l-2 (median from 10 September 2021 to 30 September 2021). (a1–d1,a2–d2,a3–d3,a4–d4,a5–d5) rep-

resent the classification results for schemes 1–5, respectively. 

Figure 9. Comparisons of crop type maps derived from high-resolution Google Earth images and the
five schemes. (A) is the crop-land distribution map based on scheme 5. (a0,b0) denote the false color
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of Sentinel-2 (median from 10 June 2021 to 30 June 2021). (c0,d0) denote the false color of Sentinel l-2
(median from 10 September 2021 to 30 September 2021). (a1–d1,a2–d2,a3–d3,a4–d4,a5–d5) represent
the classification results for schemes 1–5, respectively.

3.3. Comparison of Crop Area Estimates from the Remote Sensing Approach and Agricultural
Statistical Reports

As shown in Figure 9A, the total area of cropland in Jiaozuo determined by this study
was 1735.25 km2, which was 14.50% less than the area estimated from agricultural statistics
reported in 2019 (2030.65 km2) and 10.73% less than the area estimate reported in 2018
(1943.92 km2). This difference was probably related to the fact that the plastic greenhouses
were not considered in this study. Additionally, as the largest distributions of the three main
crops in Jiaozuo City, maize was widely planted in the piedmont plain, with a total area
from this study of 1380.87 km2, which was about 177.92 km2 higher than the average
area from the 2019 and 2020 statistical yearbooks (Figure 10). In the study area, farmland
shelterbelt and country lanes were widely distributed around cropland, with both likely
to be divided into the main crop fields at 10 m resolution (which would have resulted
in overestimation of the planting area). In comparison, soybean was distributed mainly
over Wuzhi and Qinyang counties, with a total area almost equal to that of the average
statistical data. For peanut, although the proposed methodology successfully captured its
main distribution region, the statistical results showed that its planting area was slightly
larger than that derived in this study, partly attributable to a submerged farm field near the
Yellow River Beach that formed following a rainstorm in July 2021 (Figures 9A and 10).
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4. Discussion
4.1. Potential Applications of SAR and Optical Images for Crop Type Mapping

Smallholder farming has long been the dominant practice in China’s agricultural
system. The small size of the cropland area has resulted in a mixture of different crop
types due to the limitations of the spatial resolution of moderate optical images [57].
Although Landsat provides high-spatial-resolution images, it may not provide high-quality
data during the summer because of its low temporal resolution and cloud influence. In
comparison, SAR has high penetrating power and no cloud interference. It can be, therefore,
used to monitor the real growth of vegetation [58,59]. The integration of SAR data with
these optical images provides an effective solution to the problems of low availability of
high-quality data and low spatial resolution of the crop type classification in regions with
small plots.

We compared crop type classification accuracy on the basis of only SAR data from
Sentinel-1, optical data from Sentinel-2, and the integration of SAR and optical data, accord-
ing to the schemes used for crop type classification (Table 3). The crop type distribution
maps generated by the integration of SAR and Sentinel-2 data generally had higher OA and
KC values, whereas those generated only from SAR data had lower OA and KC values. As
with previous studies, although the use of SAR data had some advantages for all-weather
monitoring, the classification results based only on SAR data seemed to be worse than that
with spectral features, with an OAs of about 58–65% [60] and 35–65% [61], respectively.
Adding SAR images to supplement the optical images improved the accuracy of crop classi-
fication by approximately 5% [61]. These results not only indicated the key contribution of
the optical data in crop classification, but also suggested that SAR images combined with
the optical image data could indeed improve crop discrimination. In addition, land-cover
types probably had unique sensitivity to SAR (Figure 11), as evidenced by the F1-score of
72.73% for maize, which is consistent with the result of You et al. [16], and 21.55% for yam,
indicating that the improved efficiency of the crop identification by combining SAR images
differed according to crop type.

Table 3. Accuracy of crop type determinations based only on the SAR data from Sentinel-1, optical
data from Sentinel-2, and integration of SAR and Sentinel-2 data.

Scheme
Optical Data SAR Data SAR and Optical Data

OA (%) KC OA (%) KC OA (%) KC

Scheme 1 86.57 0.81

65.15 0.48

89.55 0.84
Scheme 2 89.20 0.85 90.64 0.87
Scheme 3 90.33 0.86 91.92 0.88
Scheme 4 89.84 0.85 89.93 0.85
Scheme 5 90.76 0.86 93.22 0.89
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4.2. Algorithm Improvement

Previous studies have demonstrated the feasibility of classifying crops on the basis of
phenological stages [62]. For example, Belgiu et al. successfully identified multiple crops
in three different regions on the basis of images of crops in each phenological period [63].
However, for areas with a wide variety of crops, the phenomenon that we refer to as
“different cropland with the same spectrum” still occurred in some phenological periods,
which may have led to erroneous results [64]. For example, the EVI time series curves of
maize and soybean were very similar in the crop growth period (Figure 6). Therefore, it
was difficult to identify the crop category using only the common VI temporal profile, in
addition to the confusion of forests and grasslands with cropland [54].

To address these issues, we first created an LCM of Jiaozuo City on the basis of optical
and SAR data to generate a cropland mask, using the RF classification method. After
that, considering the classification advantages based on crop phenological cycles and crop
growth characteristics at the key growth stages, we developed two new indices, VIslope
and VIratio, as a function of the crop growth rate, to improve the classification accuracy.
Meanwhile, previous studies pointed out that an excessive number of features may affect
the classification results [65], and the purpose of the feature selection should be to eliminate
unimportant and redundant features [66]. We then analyzed the importance of each feature
for classification using the GEE platform’s explain method and also found that the VIslope,
VIratio, and median values of VI of the sowing and harvesting periods were relatively
important (Figure 12). When the five schemes were compared, the results showed that the
highest accuracy was obtained when both VIslope and VIratio in the critical period of crop
growth were added to the feature set (Table 2). This could be partly attributed to the fact
that different types of crops exhibited different growth rates under the same time period,
and they could also be associated with a reduction in information redundancy.
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Figure 12. All feature ranking results (top 20). The ordinate represents the abbreviation of each
feature band, and the number suffixed in the feature name represents the time phase of the band. For
example, NDVI_9 represents the median value of NDVI in September.

Image segmentation divided pixels with the same criteria into one object [67], which
alleviated the problem of salt-and-pepper noise. In most cases, object-based classification
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results were better than pixel-based ones [68,69]. We used the SNIC method for segmenta-
tion of Sentinel-2 synthetic images during the crop growth period, and then combined the
segmentation results with the pixel-based classification results to obtain high classification
accuracy (Figure 13).
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4.3. Uncertainty

Our results showed that the proposed methodology was able to identify crop cate-
gories, but there were still some uncertainties. First, we used larger-sized seed parameters
for regions with a single crop species than for regions with a complex pattern of species
(Figure 14). To avoid crop misclassification, the size of the seed segmentation parameters
was set to be small for areas with a variety of crops, which led to over-segmentation for
some objects. The optimal segmentation parameters for crop segmentation should be
further explored. Second, the number and quality of images can affect the classification
results. A total of 236 Sentinel-2 images were collected for crop classification in this study
(average of 73.08 revisits per pixel); however, after removing clouds and cloud shadows, the
average number of revisits per pixel decreased to 27.9. The lack of high-quality observed
images made it limited to capture crucial information about crop growth, which affected
the classification results. In addition, more validation samples based on field surveys and
appropriate sample proportion are needed for accurate quality assessment, and major
efforts are still required for ground truth sample collection in the future. A recent study
suggested that the migration model can classify crops for different years using the same
set of samples [70], which could be developed to systematically track and monitor the
dynamics of crop type distribution.
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5. Conclusions

In this study, a combined object- and pixel-based mapping workflow for 10 m resolu-
tion crop type mapping by combining time series optical images (Sentinel-2) and synthetic
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aperture radar images (Sentinel-1) based on the Google Earth Engine platform was pro-
posed. Firstly, we identified five primary land-cover types by using the Sentinel-1 and
Sentinel-2 monthly composite images combined with the RF classifier, and then masked
non-cropland to generate a cropland and non-cropland binary map. Secondly, we devel-
oped two new indices, namely, VIslope and VIratio, and we generated a crop type distribution
on the cropland map formed above by comparing the classification accuracy of five schemes.
The scheme when VIratio and VIslope were added during the critical period of crop growth
showed the best classification performance, with a total OA of 93.22% and KC of 0.89, as
well as relatively larger PA, UA, and F1-score for each crop type map, suggesting that
the VIslope and VIratio indices at the critical period have potential for mapping crop types
in smallholder farming regions. In addition, our results highlighted that, although the
median values of the VV and VH bands were insensitive to crop type mapping, adding this
information to supplement optical images would be helpful for improving the accuracy of
crop type classification.
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