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Accurate information on crop distribution and its changes is important for food security and environmental
management. Although time series analysis is a widely-used and useful tool to characterize the seasonal dynamics of crops, the traditional image stacking approach misses important phenological events. This condition
makes it diﬃcult to identify the spectral and temporal features that are potentially important for crop identiﬁcation, and therefore, makes it diﬃcult to determine the optimal feature inputs for classifying crops with both
high accuracy and low computation time. To address this gap, we developed a method to automatically select the
spectro-temporal features by mining crop phenology information so as to improve the accuracy of crop classiﬁcations. This method of Phenology-based Spectral and Temporal Feature Selection (PSTFS) contains two major
components: to identify the features with the highest separability between each pair of classes, and to prune
redundant features to retain the best for classiﬁcation. Using this optimal set of features and support vector
machines (SVMs), we generated a high-quality corn cultivation map of China’s Heilongjiang Province for 2011.
The corn map had accuracies greater than 85% and agreed well with the corn census areas. We also demonstrate
the goodness of this method for selecting features with high interpretability: it identiﬁed two phenological stages
(three leaf and milky mature) that could best separate corn from other land use classes in the region. Our
approach indicates the great potential for using the PSTFS method in conjunction with SVM classiﬁers to accurately map crop types based on satellite time series data.

1. Introduction
Information on the spatial distribution of crops is important for crop
growth monitoring, acreage surveys, yield estimation, and water
management. Due to its wide spatial coverage, high temporal resolution, and low observation costs, remote sensing provides the most effective tool for crop extent monitoring (Biradar et al., 2009; Song et al.,
2017b; Zhang et al., 2014). However, despite the large volume of remote sensing observations of earth’s surface, there are great challenges
in identifying diﬀerent crop cultivation practices. One example of these
challenges is the lacking guidance on how to select the appropriate
spectral and temporal features to accurately identify crops from satellite
data (Peña-Barragán et al., 2011; Zhong et al., 2011).

⁎

Previous studies have demonstrated that multitemporal images are
better than a single-date image for crop type classiﬁcation.
Multitemporal information can capture the diﬀerent phenological
stages (e.g., emergence, greenup, and senescence) of diﬀerent crop
types that have well-deﬁned crop calendars with speciﬁc planting times
and unique seasonal growth patterns (Foerster et al., 2012; Pan et al.,
2012). Chang et al. (2007) used a time series of MODIS normalized
diﬀerence vegetation index (NDVI) data and time-integrated metrics to
estimate the areas of soybean cultivation across the United States using
a regression tree approach. Zhong et al. (2014) used the random forest
classiﬁcation algorithm to discriminate between corn and soybean
cultivation in Kansas and showed that including phenological metrics
resulted in accuracies higher than 88%. Most of these studies classiﬁed
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Ozdogan, 2010; Vintrou et al., 2012).
The objectives of this study are to introduce the PSTFS method and
explore its potential in identifying the optimal spectro-temporal features for crop type classiﬁcations. We take Heilongjiang Province,
China as the study area and focus on corn mapping. Corn is one of the
most important food crops worldwide, comprising 13% of the global
cultivation area and accounting for more than 34% of global cereal
production (Food and Agriculture Organization (FAO, 2015). Reliable
estimates of the extent of corn cultivation are used to guide the policies
related to agricultural production and are usually calculated from remote sensing surveys. We describe the input datasets used to classify
corn in Heilongjiang Province in Sections 2.2 and 2.3. The two major
components of the PSTFS method are described in detail in Section 2.4:
the ﬁrst component ranks the MODIS spectro-temporal features that can
best separate corn from other classes, and the second component prunes
this feature set to remove features with high information redundancy.
The ﬁnal optimal feature set was used to create a soft classiﬁcation (i.e.,
class-conditional probabilities) of corn cultivation using support vector
machine (SVM) classiﬁers (Section 2.5). In Section 2.6, we describe the
three accuracy assessments performed on this map: (1) the use of validation sites that were set aside from the training dataset to assess the
spatial accuracy, (2) a comparison of the classiﬁcation result with four
additional SVM classiﬁcations using diﬀerent input features, and (3) a
comparison of the corn map with county and province-level statistical
data to evaluate its performance in terms of area estimates. The results
in Section 3 describe how the 34 optimal features were identiﬁed using
PSTFS and demonstrate how these features correspond to the key
phenological events of corn. We then show the results of the SVM soft
classiﬁcation of corn, which had high classiﬁcation accuracy and
agreed well with the national statistics. Finally, in Sections 4 and 5, we
conclude with a discussion of how the method can be improved and
generalized for other classiﬁcation applications.

crop types by using either all available images over time or a large set of
derived annual metrics without ﬁrst optimizing the selection of spectrotemporal features (Arvor et al., 2011). Such simple time series image
stacking approaches may mask some subtle but potentially important
phenological events, thereby reducing the accuracy and generalization
of such an approach. Furthermore, classiﬁcations that use the full time
series of images may unnecessarily increase the computing time because they include many redundant features, and this phenomenon is
often called the “curse of dimensionality” (Carrão et al., 2008; Löw
et al., 2013).
In addition to temporal features, the spectral features that are appropriate for crop identiﬁcation need to be also carefully considered
(Hu et al., 2017). Vegetation indices such as the NDVI and the enhanced
vegetation index (EVI) are widely used to characterize vegetation dynamics and are correlated with the leaf area index and leaf chlorophyll
concentrations (Bégué et al., 2011; Huete et al., 2002). However, some
phenological phases are related to changes in leaf pigments, water
content, and residue cover, and they cannot be fully addressed using
EVI or NDVI, particularly for regions with complex crop cultivation
patterns (Xiao et al., 2006; Zhong et al., 2014). There are many spectral
indices that could be useful for this application, but there are few
published methods that describe how to select the best set of spectral
and temporal features for crop type classiﬁcation.
There are some researches to investigate feature selection methods
for land cover classiﬁcation via remote sensing (Laliberte et al., 2012;
Pal and Foody, 2010). It is well acknowledged that increasing the
number of features does not necessarily improve the classiﬁcation accuracy as information redundancy between feature variables may increase the computation complexity and limit the mapping accuracy
(Camps-Va et al., 2010; Hu et al., 2017). Although previous studies
have addressed the problem of data redundancy, they did not analyze
spectral separability, which has been demonstrated to be an important
indicator that can be used to measure the value of a given feature for
image classiﬁcation (Xu et al., 2014; Zhou and Chan, 2015). Several
studies have considered both spectral separability and feature redundancy, but the thresholds that describe the degree of spectral separability (e.g., JM distance) and information redundancies (e.g., correlation coeﬃcient) were determined based on empirical knowledge
(Laliberte et al., 2012; Qiu et al., 2017). Automation of the selection of
optimal thresholds is needed to identify the best features from a large
number of candidate feature variables. Additionally, the automated
feature selection method has rarely been investigated for crop types
that have distinct seasonal spectral variations, and their optimal phenological characteristics for crop mapping remain unclear.
To address this problem, we developed a so-called Phenology-based
Spectral and Temporal Feature Selection (PSTFS) method to map crop
types. We tested our algorithm in Heilongjiang Province of China using
MODIS time series. Our method is adapted from the stable zone unmixing method (SZU) (Somers et al., 2010). The SZU method was
previously used to select the best features to distinguish between native
and invasive tree species in Hawaiian rainforests based on hyperspectral images. In their work, the separability index (SI), which is deﬁned
as the ratio of the inter-class to the intra-class endmember variability,
was used to evaluate the wavelength sensitivity of spectral images. The
SZU method identiﬁes subtle phenological diﬀerences between species
and improves the classiﬁcation accuracy while decreasing the computation time (Somers and Asner, 2013; Somers et al., 2010). Although the
SZU method showed promise to distinguish between plant species, it
was developed for only a two-class separability analysis and has never
been applied to crop types, which have more obvious phenological
characteristics than those of natural vegetation. Moreover, previous
studies tested the SZU method using only hyperspectral images and
have never used dense time series data such as MODIS, which has high
temporal resolution (daily) and near global coverage with moderate
spatial resolution (250 m) and thus holds considerable promise for detecting the seasonal dynamics of crop types (Brown et al., 2013;

2. Materials and methods
2.1. Study area
Our study area is centered in Heilongjiang Province, which is the
most northeastern province of China and is located between approximately 43 °N and 53 °N latitude and 121 °W and 135 °W longitude
(Fig. 1). Heilongjiang Province is one of the most important commodity
grain suppliers in China, supplying 22% of the country’s cereal crop
production, including 13.8% of the country’s total corn acreage (China
Agricultural Statistics Yearbook, 2015). Corn cultivation is mainly
distributed across the Songnen Plain to the west and the Sanjiang Plain
to the northeast. These two plains are temperate and ﬂat, with annual
average temperature of 6.01 °C, annual precipitation between 380 and
600 mm, and an elevation range from 0 to 200 m. In addition to corn,
the other major crops in Heilongjiang include rice, soybeans, and
wheat. Each crop is harvested once per year due to the limited sunshine
hours and low accumulated growing season temperatures in this far
northern province. Corn in Heilongjiang is sown in late April and harvested in mid-September (Fig. 2) and exhibits phenological diﬀerences
relative to the other crops that are represented by diﬀerences in leaf
pigments, leaf water content, and canopy structure at each growth
stage. These physical and biochemical changes can be summarized by
the variance in spectral reﬂectance (measured from remote sensing
data) throughout the growing season.
2.2. MODIS time series data and derived vegetation indices
As the major inputs to our feature selection and classiﬁcation processes, we used the 8-day composited MODIS surface reﬂectance product (MOD09A1). The MOD09A1 data have high temporal resolution
and rich spectral bands and have been previously used to detect the
seasonal dynamics of diﬀerent crops (Li et al., 2014; Xiao et al., 2006).
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Fig. 1. Extent of the study area and locations of the sampling data used to perform land cover classiﬁcations in this study.

The MOD09A1 product has a spatial resolution of either ˜250 m (Bands
1–2) or ˜500 m (Bands 3–7), a temporal repeat of 8 days, and has already been cloud screened, atmospherically corrected, and gridded to
an equal-area sinusoidal projection (Chang et al., 2007; Xiao et al.,
2006). For our study, we used data from four MODIS tiles (h25v03,
h26v03, h26v04, and h27v04) that covered the entire Heilongjiang
Province. We used only MODIS data that covered the 2011 growing
season, from Julian days 65–305 (31 total time points). We downloaded
the data from the USGS EROS Data Center (http://edc.usgs.gov/) and
clipped the data to the extent of the study area. We then calculated ﬁve
vegetation indices (VIs) from diﬀerent pairs of spectral channels (i.e.,
visible-visible, visible-NIR, visible-SWIR, NIR-SWIR, and SWIR-SWIR)
for each time step (a total of 5 × 31 = 155 features). We selected these
indices because they have been previously used in crop mapping studies
to detect the diﬀerent physical and biochemical properties of speciﬁc
crops. For details about the index calculations, associated vegetation
properties, and references, see Table 1.

2.3. Field and statistical data
The training and validation data used in this study were taken from
an existing crop map of 2011 produced by the Heilongjiang Academy of
Agricultural Sciences for the province of Heilongjiang. This crop type
map was generated by a supervised classiﬁcation of high spatial resolution images (i.e., SPOT4, SPOT5 and Landsat TM+) combined with
expert visual interpretation. The mapping accuracies of corn, rice,
soybean, and wheat were 93.25%, 98.30%, 92.76% and 91.14%, respectively (Liu et al., 2014). To generate validation and training samples for our MODIS-based classiﬁcation of these four crops plus grassland and forest classes, we selected only homogeneous sites within
25 ha (500 m × 500 m, ˜289 T M pixels, ˜625 SPOT pixels). A total of
790 pixels (150 for corn and 640 for the other classes) were randomly
sampled to train the SVM classiﬁers, and 1200 pixels (200 for corn and
1000 for the other classes) were set aside for validation.
In addition to our assessment of the spatial accuracy of the maps

Fig. 2. Crop calendars for the major crops (corn, rice, soybeans and wheat) in Heilongjiang Province, including photographs of the visible changes in surface
reﬂectance and plant morphology. The calendars were created based on records of crop phenological events from 31 agro-meteorological stations in the province.
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Table 1
A summary of the vegetation indices used in this study, including their names, formulas, uses, and references. Bands 1–7 are the MODIS surface reﬂectances of the red
(Band 1, 620–670 nm), near infrared (Band 2, 841–876 nm), blue (Band 3, 459–479 nm), green (Band 4, 545–565 nm), shortwave infrared (Band 5, 1230–1250 nm),
shortwave infrared (Band 6, 1628–1652 nm), and shortwave infrared (Band 7, 2105–2155 nm) bands.
Spectral region

Vegetation
index

VI derived from MOD09A1

2.5 ×

Commonly related to

Adapted from reference

Visible-NIR

EVI

Vegetation status, canopy structure

Wardlow and Egbert (2008)

NIR-SWIR

LSWI

B2 − B6
B2 + B6

Water content, residue cover

Xiao et al. (2006)

Visible-SWIR

NDSVI

B6 − B1
B6 + B1

Vegetation status, water content, residue cover

Zhong et al. (2014)

SWIR-SWIR

NDTI

B6 − B7
B6 + B7

Nonphotosynthetic components, residue cover

Zhong et al. (2014)

Visible-Visible

VIgreen

B4 − B1
B4 + B1

Leaf pigments, vegetation status

Peña-Barragán et al. (2011)

B2 − B1
B2 + 6 × B1 − 7.5 × B3 + 1

these values were then used to visualize the patterns in separability
between corn and other ﬁve classes changes over the spectral (5 VIs)
and temporal (31 time periods) domains. These pairwise separability
results were also compared with the crop calendar in Heilongjiang
(Fig. 2) to evaluate whether the optimal spectro-temporal feature set
determined by this analysis corresponds to key phenological events of
corn.
To extend the pairwise SIcj to a global measure of separability for
the entire feature set, we averaged the pairwise SIcj values between corn
and every other class, which we deﬁne as SIglobal. The SIglobal measure is
calculated as follows:

using this validation sample, we compared our results to available
county-level statistics. To make these comparisons, corn cultivation
statistics were acquired at both the county and prefecture levels for
2011 from the China Agricultural Statistics Yearbook published by the
Chinese Ministry of Agriculture (China Agricultural Statistics Yearbook,
2011). These statistics summarized crop cultivation patterns for 12
prefectures and 80 counties in Heilongjiang.
2.4. The phenology-based spectral and temporal feature selection (PSTFS)
method
The PSTFS method simpliﬁes the task of classiﬁcation by ﬁrst
screening out impotent or redundant features from the training dataset.
The input to the PSTFS method is a set of training examples containing
multiple classes, and each sample is associated with a set of spectrotemporal features derived from the ﬁve time-series VI. For each class in
the training set, the PSTFS method selects and returns the feature subset
that is optimal for classifying that class. The method itself includes two
major components. The ﬁrst component (described in Section 2.4.1),
extends the pairwise SI to a measure of global separability for more
than two classes. This global measure enables the spectro-temporal
features to be ranked according to how well they separate a class from
all other classes. The second component of the PSTFS method (Section
2.4.2) is an iterative pruning of redundant features from the full set of
features, which balances the added spectral separability given by a
single feature with information redundancy as measured by correlation
across features.

b

SIglobal (m , n) = Average ( ∑ SIcj )
j=1

m = {EVI , LSWI , NDSVI , NDTI , VIgreen}, n
= {65, 73, 81, ..., 289, 297, 305}

where c represents corn and j represents the ﬁve other classes. SIcj is the
pairwise SI calculated by Eq. (1), and b is the total number of classes j
(ﬁve in this case). Only the pairwise SIcj values related to the targeted
class (i.e., corn-rice, corn-wheat, corn-soybean, corn-forest and corngrassland) are used to calculate SIglobal. Similar to the pairwise SIcj results, we present the SIglobal values for corn in a matrix containing all
spectro-temporal features F(m, n) that are composed of the 5 (m)
spectral indices and 31 (n) time points. The values (colors) within these
matrices represent the ability of each feature to diﬀerentiate corn from
all other classes.

2.4.1. Development of the global separability index
Intra-class and inter-class variability are two measures that are used
to evaluate how well a feature set can discriminate diﬀerent land cover
types: the class that is most diﬀerent from the other classes and internally consistent will be classiﬁed most accurately. This is the motivation behind the SI, as proposed by Somers and Asner (2013), who
deﬁne the separability (SIcj) between a pair of classes by the following
formula:

SIcj (m , n) =

2.4.2. Iterative pruning of redundant features
The ranked spectro-temporal features derived from Section 2.4.1
still contain redundant information, which will limit the classiﬁcation
accuracy. Even using the top 90 percent of features with high separability (SIglobal) will not necessarily generate the highest possible classiﬁcation accuracy. Instead of choosing a few features with high separability for classiﬁcation, the PSTFS method automatically
determines the ﬁnal features by balancing the spectral separability with
information redundancy as measured by correlation across features.
The correlation between two features was measured using the coeﬃcient of determination R2, which is deﬁned by the following formula:

|uc − uj |
Δinter (c, j )
=
1.96 × (σc + σj )
Δintra (c, j )

m = {EVI , LSWI , NDSVI , NDTI , VIgreen}, n
= {65, 73, 81, ..., 289, 297, 305}

(2)

R2 =

(1)

Where c refers to corn and j represents any of the other ﬁve land
cover classes. uc and uj are the mean spectral values of vegetation index
m on date n for corn and endmember class j, and σc and σj are the
standard deviations of that feature within corn and class j, respectively.
The term |uc − uj | reﬂects the inter-class variability across the two
classes, and the term (σc + σj ) represents the sum of the intra-class
variability of the two classes.
The SIcj values were calculated for each VI at every time step, and

C ov(F (m1, n1), F (m2 , n2))2
Var (F (m1, n1)) × Var (F (m2 , n2))

m1, m2 = {EVI , LSWI , NDSVI , NDTI , VIgreen}, n1, n2
= {65, 73, 81, ..., 289, 297, 305}

(3)

Where F (m1, n1) and F (m2 , n2) represent one of 155 time series VI
features, Var (F (m1, n1)) and Var (F (m2 , n2)) are the variances within
each of these two features, and C ov(F (m1, n1), F (m2 , n2)) is the covariance between these two features.
Fig. 3 shows the full workﬂow of the PSTFS method for selecting the
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Fig. 3. The workﬂow of the PSTFS method for selecting the optimal spectro-temporal features for crop classiﬁcation. F(mh, nh) is the feature with the highest SIglobal
value, where m is the individual VI {EVI, LSWI, NDSVI, NDTI and VIgreen} and n is the individual date {65, 73, 81,…, 289, 297, 305}. F(mi, ni) refers to all other
features except F(mh, nh).

structural risk minimization strategies that reduce misclassiﬁcation
errors for the training set (Pal and Foody, 2010). This method looks for
an optimal hyperplane to maximize the margin between diﬀerent
classes by using a small number of training cases, which are called
support vectors. SVMs were originally designed for binary classiﬁcation
problems and can be extended to multiple classes by using the “oneagainst-one” voting strategy (Mathur and Foody, 2008). SVMs perform
well with a limited number of training samples and are able to ﬁnd
complex land cover patterns in high-dimensional feature sets
(Mountrakis et al., 2011).
When the feature sets are not linearly separable, SVMs use kernel
functions to transform the training data into a higher dimensional
feature space where linear class separation is possible (Vapnik, 1999).
In this study, the Gaussian radial basis function (GRBF) kernel was used
because it is robust for various remote sensing image classiﬁcation
problems (Kaya, 2013). This kernel requires two parameters, the regularization parameter C (“cost”) and the kernel bandwidth g
(“gamma”). We optimized these parameters by using ﬁve-fold crossvalidation and grid-searching techniques, which are widely used
methods to identify optimal parameters and prevent the problem of
overﬁtting (Chang and Lin, 2011; Mathur and Foody, 2008). The
searching ranges of C and g are both between 2−8 and 28, and the pairs
of (C , g ) with the highest cross-validation accuracy (Supplementary
Information, Figure S1) were used to train the complete training dataset
and generate the ﬁnal model.

optimal feature set to discriminate corn cultivation. (1) First, we sorted
the features by separability using the SIglobal matrix derived in Section
2.4.1 and deleted the ten percent of features with the lowest separability. (2) The feature with the highest SIglobal value (F (mh , nh) ) was
selected and used to compare with every other feature in the SIglobal
matrix. (3) To do this, we calculated the coeﬃcient of determination R2
between F (mh , nh) and every other feature, F (mi , ni ) . (4) If the R2
between the two compared features was larger than the correlation
threshold (1-q×k), F(mi, ni) was removed from the SIglobal matrix. The
factor q determines the rate at which the correlation threshold decreases with increasing iterations (k) and was set to 0.02 in this study. If
the R2 between the two variables was less than (1-0.02×k), F (mi , ni )
was retained in the SIglobal matrix. (5) After calculating the correlation
coeﬃcients between F (mh , nh) and all other available features, we
added F (mh , nh) to the ﬁnal feature set and then removed F (mh , nh)
from the input (SIglobal) matrix. (6) If any features remained in the input
matrix, we increased k and repeated steps (2) through (5) until no
features remained. The output of this process was a list of features that
represent the optimal spectro-temporal features for corn classiﬁcation.
2.5. Support vector machine classiﬁcation
We used the SVM classiﬁer to classify the optimal spectro-temporal
features identiﬁed by the PSTFS method. The SVM algorithm is a supervised, nonparametric machine learning technique based on
222
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prefectural and county levels by overlaying the administrative boundaries over this corn acreage map. The results of these comparisons were
quantiﬁed by computing several statistical measures, including the
coeﬃcient of determination (R2) and the root mean square error
(RMSE).

To perform the SVM classiﬁcations, we used the LibSVM algorithm
implemented in MATLAB because it can provide soft outputs (i.e., classconditional probabilities) for each pixel that can be used to quantify
classiﬁcation uncertainty (Yin et al., 2014, 2018). The soft outputs from
LibSVM were produced using an improved implementation of Platt’s a
posteriori probabilities to estimate (Löw et al., 2013; Wu et al., 2004):

rij = P (i|i or j, x ) =

3. Results and analysis

1
ˆ
1+e Af + B

(4)

3.1. Spectro-temporal features for discriminating corn from other classes

where A and B are estimated by minimizing the negative log-likelihood
function, and fˆ is the decision value of the classiﬁer based on the
training data. i and j refer to diﬀerent land cover classes. The probabilistic regression model assumes (zero-mean) Laplace-distributed errors for the predictions, and the maximum likelihood is used to estimate
the scale parameter (Löw et al., 2013). The soft margin method relaxes
the requirement that all data points of the same class are located on the
same side of the separating hyperplane (Piiroinen et al., 2015). These
classiﬁcations generate continuous probability maps with values ranging from 0 to 1, which could be converted to discrete or categorical
maps by assigning the dominant class given by the class with the
highest posterior probability at each pixel.

Fig. 4 presents the time-series proﬁles of each vegetation index (VI)
used to classify corn cultivation (black lines) and other classes (colored
lines) in 2011, where the horizontal and vertical axes refer to the day of
year and VI values, respectively. These temporal VI proﬁles of diﬀerent
land use classes were calculated by averaging the corresponding VI
values of training samples. Each VI is sensitive to diﬀerent physical and
biochemical properties, which are reﬂected in diﬀerent temporal dynamics in each panel. The large intra-class variability of corn demonstrates the challenges associated with using single-date imagery to
identify corn without understanding the phenology of each crop. Because spectral diﬀerences between corn and other classes vary over
time, we can anticipate the added beneﬁts of combining multiple
spectral and temporal features to identify corn.
The pairwise separability index (SIcj) metrics between corn and the
ﬁve other land cover classes (i.e., rice, soybeans, wheat, forest, and
grassland) are presented in Fig. 5. These charts map the separability
between corn and the other classes across the 31 dates and 5 VIs that
make up the total feature set (Eq. (1)). The more red any grid cell is, the
higher the corresponding SIcj value, indicating that those two classes
are more separable using the corresponding feature. Pairwise SIcj values
of corn-rice, corn-wheat and corn-forest were on average higher than
those between corn-soybeans and corn-grassland. The separability between corn and soybeans was low, as expected because they are both
cultivated under dry farming conditions and have similar phenologies
(see Figs. 2 and 4). The grassland class, which includes herbaceous
meadows and wetlands, has high intra-class spectral variability and
consequently high spectral overlap with corn. The spectro-temporal SIcj
charts suggest that the period between late May and early June (between dates 140 and 180) was best for separating corn from all other
classes except soybeans and grassland. In addition, corn was separable
from other classes during its reproductive stage, which ranges between
dates 220 and 255 when many of the other classes were senescing.

2.6. Accuracy assessment of corn cultivation maps
We assessed the classiﬁcation performance of the PSTFS-generated
corn cultivation maps in two ways. The ﬁrst analysis was a traditional
accuracy assessment using a separate validation dataset, and the second
was a comparison with national statistical data. For the ﬁrst assessment,
the predictions for each class derived from the SVM classiﬁcation were
compared to 1200 ﬁeld validation samples (200 corn samples and 1000
samples of other classes), which were kept apart from the training
samples. These results (Section 3.3.1) are presented in a confusion
matrix (Table 2) with producers’ and users’ accuracies for each class. As
part of this analysis, we compared these classiﬁcation results with three
additional SVM classiﬁcations using diﬀerent input features. These four
other feature sets included (1) the top 34 features identiﬁed by SIglobal
without ﬁltering for information redundancy in the second step of the
PSTFS method. (2) The full time series of 31 8-day temporal features for
only the EVI. (3) A total of 30 phenology-derived features, which were
calculated from 5 time series VIs, and each VI, included 6 phenological
metrics, i.e., mean, date of maximum, minimum, absolute mean derivative, amplitude, and standard deviation. The detailed deﬁnition and
calculation formulas for the 6 phenological metrics are shown in Arvor
et al. (2011). (4) All the 155 spectro-temporal features (5 VI × 31 time
points) without feature selection. These four feature sets were classiﬁed
using the same training dataset and assessed with the same validation
dataset.
For the second evaluation of the PSTFS map based on national
statistics (Section 3.3.2), the corn binary map was ﬁrst converted to
corn acreage by multiplying each pixel by its area. The derived corn
acreage was then compared with national statistical data at the

3.2. The optimal spectro-temporal feature set for corn identiﬁcation
The global separability index (SIglobal) metrics for corn are displayed
in Fig. 6a, where each grid cell represents the average of the set of ﬁve
class-speciﬁc SIcj values for each feature from Fig. 5 (Eq. (2)). The
SIglobal metric quantiﬁes how well a feature F(m, n) can diﬀerentiate
corn from every other land cover class in the training set. Our results
suggest that two VIs, the land surface water index (LSWI) and the

Table 2
A confusion matrix for the SVM classiﬁcation using the 34 optimal spectro-temporal features selected by the PSTFS method. PA represents the producers’ accuracy,
and UA represents the users’ accuracy. Bold values along the diagonal refer to the number of pixels correctly classiﬁed from the validation dataset.
Reference Data

Corn
Rice
Soybeans
Wheat
Forest
Grassland
Others
UA (%)

Classiﬁed Data
Corn

Rice

Soybeans

Wheat

Forest

Grassland

Others

PA (%)

193
2
18
2
1
8
2
85.4%

0
197
0
0
1
1
2
98.0%

5
0
174
2
0
0
0
96.1%

0
0
1
86
0
2
0
96.6%

0
0
0
1
190
13
1
92.7%

2
1
6
9
7
72
5
70.6%

0
0
1
0
1
4
190
99.4%

96.5%
98.5%
87.0%
86.0%
95.0%
72.0%
95.0%
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Fig. 4. Annual time series proﬁles of corn and
ﬁve other land cover classes (rice, soybeans,
wheat, forest and grassland) for ﬁve vegetation
indices. Panels (a–e) refer to EVI, LSWI, NDSVI,
NDTI, and VIgreen, respectively. The solid and
dashed lines represent the mean VI values of
corn and other classes, respectively, while the
gray shading represents the standard deviation
of each VI for corn.

probability. Both the producers’ and users’ accuracies of the corn class
were greater than 85%, and most other classes were classiﬁed with high
accuracy (Table 2). Grassland had the lowest classiﬁcation accuracy
with users’ and producers’ accuracies less than 72%. The classes that
were most commonly confused with corn were grassland and soybeans.
Of these classes, the soybean and grassland classes contained the majority of the commission errors (pixels where the prediction value was
corn but the true value was something else). These results agree well
with our pairwise SIcj results (Section 3.1), where corn cultivation was
easily distinguished from rice, wheat, and forest but was often confused
with soybean and grassland classes.
In addition to the classiﬁcation using the 34 features from the PSTFS
method, we produced four classiﬁcations using (1) the top 34 features
after the ﬁrst stage of the PSTFS method, (2) the 31 temporal observations of the EVI, (3) the 30 phenological metrics and (4) all the
155 features. Fig. 8 compares the producers’ and users’ accuracies between these ﬁve classiﬁcations using the same validation sites. The
accuracies using the 34 features identiﬁed by the PSTFS method were
the highest among the ﬁve feature selection methods. Even though the
accuracies of using all the 155 features were close to those of PSTFS, its
computational time as well as data storage requirement were signiﬁcantly higher than PSTFS as the former includes much more redundant information. These ﬁndings highlight the necessity of feature
optimization for classiﬁcation problems and the eﬀectiveness of the
PSTFS method for this purpose.

normalized diﬀerence tillage index (NDTI), were most important for
distinguishing corn from the other classes. The most important temporal windows for classifying corn were between days 140 and 180, as
well as between days 220 and 255.
Although the features with high SIglobal values shown in Fig. 6a may
be the optimal feature set from the feature separability perspective,
they may also contain highly redundant or correlated information
(Fig. 6b). In the second part of the PSTFS method, the SIglobal metrics
were sorted, and then the correlation coeﬃcient (R2) was calculated for
each pair of the 155 features, as shown in Fig. 6b (Eq. (3)). By iteratively removing features with high correlation (Fig. 3), the PSTFS
method automatically selected 34 features with both high separability
and low information redundancy (Fig. 6c). Of the retained features, F
(LSWI, 140–180) and F(NDTI, 140–170) were found to be the best
spectro-temporal features for mapping corn cultivation.
3.3. Corn mapping and accuracy assessment
Fig. 7 shows the probability map of corn cultivation in Heilongjiang
Province derived from an SVM soft classiﬁcation using the 34 optimal
features selected by the PSTFS method. The posterior probabilities can
be interpreted as classiﬁcation uncertainties and reﬂect landscape
heterogeneity, as many crop ﬁelds in this region are smaller than the
spatial resolution of MODIS. As expected, corn cultivation was mapped
throughout the Songnen Plain to the west and the Sanjiang Plain to the
northeast. These two regions are important agricultural production
areas in China and have larger ﬁeld sizes than those in other regions,
such as the northwest districts near the Lesser Khingan Mountains
(Fig. 1).

3.3.2. Comparisons of the corn cultivation area estimates with agricultural
census data
Fig. 9 compares the corn cultivation areas estimated from the SVM
classiﬁcation with agricultural census data at the prefectural (Fig. 9a)
and county (Fig. 9b) levels. The two corn acreage estimates were signiﬁcantly correlated (P < 0.01) at both levels. At the prefectural level,
the coeﬃcient of determination (R2) was 0.86, and the RMSE was
1645.06 km2 across 12 prefectures. At the county level, the R2 was
0.75, and the RMSE was 396.98 km2 across 80 counties. Regardless of

3.3.1. Accuracy assessment of the spatial distribution in corn cultivation
The soft predictions of corn and the 5 other classes (not shown)
were assessed using a confusion matrix based on our validation dataset.
To convert the soft classiﬁcation to discrete labels, each validation pixel
was given the class label of the class with the highest posterior

Fig. 5. Spectro-temporal SIcj charts for corn and ﬁve other land
cover classes. The horizontal and vertical axes of the SIcj charts
represent the VI and the time scale, respectively. The value (color)
in each grid cell represents the pairwise SIcj value of the corresponding feature F(m, n), where m is the individual VI {EVI, LSWI,
NDSVI, NDTI and VIgreen} and n is the individual date {65, 73,
81,…289, 297, 305}.
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Fig. 6. (a) Spectro-temporal SIglobal charts for
corn. The horizontal and vertical axes of the
global SIglobal charts represent the VIs and the
time scale, respectively. The value in each grid
cell represents the SIglobal value of the corresponding feature F(m, n), where m is composed
of the VIs {EVI, LSWI, NDSVI, NDTI and
VIgreen}and n represents the dates {65, 73,
81… 289, 297, 305}. (b) The pairwise correlations among the 155 features used in the analysis. Both the horizontal and vertical axes of
the matrix represent the original 155 features
that were sorted based on SIglobal from high to
low. The oﬀ-diagonal color of each grid cell
corresponds to the pairwise coeﬃcient of determination R2 (darker colors represent lower
R2 values). The oﬀ-diagonal of only one side of
the matrix is shown since it is symmetric. (c)
The ﬁnal set of optimal spectro-temporal features for mapping corn cultivation selected
using the PSTFS method. The horizontal and
vertical axes of this chart represent the VI and
the time scale, respectively, as in panel (a).

Fig. 7. Probability map of corn cultivation in Heilongjiang Province derived
from SVM soft outputs using the 34 optimal features selected by the PSTFS
method.

Fig. 8. Comparisons of producers’ and users’ accuracies from the SVM-based
corn cultivation classiﬁcation using ﬁve diﬀerent feature selection methods: (1)
Using the 34 optimal features selected by the PSTFS method. (2) Using the 34
features with the highest global separability selected from Fig. 6(a) without
considering redundant information. (3) Using the full time series of 31 8-day
MODIS-EVI images during the growing season. (4) Using the 30 phenological
metrics, which were calculated from 5 time series VIs, and each VI includes 6
phenological metrics, i.e., mean, date of maximum, minimum, absolute mean
derivative, amplitude, standard deviation. (5) Using all the 155 features (5
VI × 31 time points).

the high classiﬁcation accuracies, the MODIS-based corn classiﬁcations
demonstrate obvious advantages in terms of low labor input, detailed
spatial analysis, and the possibility of annual map updates relative to
the collection of agricultural census data.
Fig. 10 shows the spatial distribution of the diﬀerences (both in area
and percentage) between the two corn area estimates for each county in
Heilongjiang Province. The SVM-based map agreed well with the
census data in the major corn production regions, such as Longjiang
(LJ), Zhaodong (ZD), Bayan (BY) and Shuangcheng (SC). In contrast,
the largest diﬀerences between these two datasets were found in the
counties with the smallest corn cultivation areas, such as Jiayin (JY),
Hegan (HG), Suibin (SB), Tongjiang (TJ) and Ancheng (AC). In these
regions, the SVM-based classiﬁcation overestimated corn cultivation.
Obvious discrepancies were also found in the northern districts near the

Lesser Khingan Mountains, such as Heihe (HH), Kedong (KD), Beian
(BA) and Greater Khingan (GK), where the high landscape heterogeneity and complex crop planting patterns result in higher confusion
between corn and other crop types. Additionally, some errors could be
introduced through the census data because crop area information is
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Fig. 9. Regression-based comparisons between the SVM-based and census-based corn area estimates at the prefectural level (a) and county level (b). **Signiﬁcant at
P ≤ 0.01.

acquired via communication with farmers, which is not always accurate
(Peña-Barragán et al., 2011).

Such time series data can capture diﬀerences in surface reﬂectance
related to the phenological diﬀerences between classes (Foerster et al.,
2012; Wardlow et al., 2008). However, most of these studies incorporate phenological information by using a simple “image stacking”
approach (Chang et al., 2007), and few studies performed feature selection before classiﬁcation. In this study, we developed a new PSTFS
method, which can rank the relative importance of spectro-temporal
features and remove features that contain redundant information.

4. Discussion
4.1. Interpreting the features useful for corn identiﬁcation
Many studies have used satellite time series data to map crop types.

Fig. 10. The spatial distribution of the agreement between SVM and census data on corn cultivation area for each county in Heilongjiang Province. The colors show
the percentage (%) of the diﬀerences between the two estimates, and the accompanying barplots show the comparison of the actual areas of the two estimates (km2).
The capital letters represent the abbreviated name of the county. The detailed descriptions of the full name, the two corn area estimates and their percentage
diﬀerences for each county can be found in Table S1 of the Supplementary Information.
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be optimal for other study areas and other crop types. However, given
high-quality reference data for larger regions and more crop types, the
method could be easily extended since it is completely automated. In
addition, although the dataset in this study is MODIS time series data,
the PSTFS method can also be suitable for multitemporal and multispectral images with high spatial resolution, such as Landsat-8/9
(Wulder et al., 2012), Sentinel-2 (Drusch et al., 2012) or Harmonized
Landsat Sentinel-2 (Claverie et al., 2016), which could further advance
crop monitoring, especially in regions with small agricultural ﬁelds.
Another novel ﬁnding in this work was the success of the soft SVM
classiﬁer that was used together with the PSTFS method. Most previous
studies have used the traditional hard SVM classiﬁer. However, we
believe that the posterior probabilities derived from the SVM soft
classiﬁcation were related to the spatial heterogeneity of croplands and
could provide information about the changes to cropland extents or
ﬁeld sizes (Colditz et al., 2012; Yin et al., 2018).

A strength of the PSTFS method is that the ranked feature importance can identify the phenological events that are important to
speciﬁc crop types, allowing us to peek into the engine of the classiﬁcation process. For example, we identiﬁed two phenological phases that
were most important in separating corn from the other land cover
classes in Section 3.1. The ﬁrst phase is the three-leaf stage close to the
seven-leaf stage (between days 140 and 180) when the observed
spectral signatures of corn ﬁelds represent mixtures of low green vegetation and the soil background. During this period, rice has just been
transplanted, but the rice ﬁelds are still largely covered by surface
water. The diﬀerences in the water content of corn and rice ﬁelds
contribute to the relatively high SIcj value (Fig. 5) between corn and
rice for the LSWI, which has been demonstrated to be sensitive to leaf
water and soil moisture (Xiao et al., 2006). Additionally, corn was separable from either wheat or forest during this period (Fig. 5) using the
EVI, which is highly correlated with the leaf area index. At this time,
forest is approaching its peak canopy growth, and wheat is between its
tillering and jointing stages with both classes exhibiting higher vegetation density than that of corn.
The second most important stage for identifying corn cultivation is
between the milky mature stage and the senescence stage (between
days 220 and 255) when the yellowing and drying leaves provide good
separation from other classes. For example, the high separability between corn and rice during this period could be attributed to the rapid
yellowing and drying of the rice leaves, whereas corn experiences a
relatively slow aging process. Distinct diﬀerences in the vegetation
vigor and desiccation level between these classes were detected by the
normalized diﬀerence senescent vegetation index (NDSVI), which has
been demonstrated to be correlated with leaf properties and water
content (Zhong et al., 2014). During this period, corn and wheat were
also distinguishable using the LSWI, the NDSVI, and the EVI (Fig. 5)
because wheat ﬁelds were generally covered by wheat residue or were
bare after harvest and provided high contrast with the green corn ﬁelds.
These examples show that the PSTFS method identiﬁes meaningful and
intuitive features that can be used to distinguish corn from other
classes. The SI charts can be generalized to other crop types in other
regions and can be used to identify the patterns of cultivation and crop
extent in many agriculture landscapes.

4.3. Improvements to the PSTFS method
There are four major improvements that could be made to the
PSTFS method to expand to larger areas and diﬀerent land cover types.
First, we could improve how the pairwise SIcj values are combined to
compute a global SIglobal for each feature. In this study, we used a simple
average; however, other means of combining these metrics, such as
taking the minimum or weighted average, could be tested to improve
the PSTFS method. Second, we could identify a more eﬀective iterative
factor q by which the correlation threshold (1-q×k) decreases as a
function of the current iteration (k). This metric has been demonstrated
to inﬂuence the composition and dimensions of the optimal feature set
(Somers and Asner, 2013). In this study, q was set to 0.02, which was
found to improve the corn classiﬁcation accuracy; however, for an
application to other study areas or classes, the optimal iterative factor q
could be diﬀerent and would need to be tested. Third, the PSTFS
method does not currently address double cropping since this is a rare
practice in Heilongjiang Province. The regions with double cropping
practices will be tested in the future. A temporal segmentation strategy
(Conrad et al., 2011) and a range of phenological metrics (Arvor et al.,
2011) could be added to the PSTFS method to improve the mapping
accuracy of double or triple cropping systems. Fourth, since the crop
growing stages (e.g. the onset of greenness) can change with geographic
latitude due to regional variations in climate and management practices, the representativeness in terms of both quality and quantity of
training samples is quite important for this phenology-based feature
selection and classiﬁcation (Hao et al., 2014; Zhang et al., 2014).
Therefore, when the PSTFS method is applied to a larger region, considerable eﬀorts should be taken on designing a practically feasible
sampling scheme to acquire both thematically- and geographically representative samples which can fully characterize intra-class variability
(Wardlow et al., 2008). However, for regions without high-quality crop
reference map available for training and validation samples, one of the
most challenging problems is how to collect and compile such a dataset
(Fritz et al., 2009; Zhong et al., 2014). Fortunately, there has been a
rapid increase in the availability of free satellite data with ﬁne spatial
and temporal resolutions, such as the data from the Landsat-8/9
(Wulder et al., 2012), Sentinel-2 (Claverie et al., 2016) and Chinese GF
programs (Song et al., 2017a). High-quality datasets such as these can
be used to acquire reference samples for large-area crop type mapping
based on time-series images of moderate or coarse spatial resolution
(e.g., MODIS and VIIRS). Therefore, new data fusion methods to combine multisource data and improve large region crop type mapping
could be another important direction for future studies.

4.2. A general feature selection method for land cover classiﬁcation
While we developed the PSTFS method to classify corn cultivation
in a single Chinese province using MODIS time series data, it can be
extended to any type of land cover classiﬁcation problem. To understand the robustness of the PSTFS method, we also performed feature
selection for rice and soybeans; both of which are the main crop types
in Heilongjiang (Supplementary Information, Fig. S2). Moreover, we
conducted an SVM classiﬁcation for these crop types using the identiﬁed optimal features (Supplementary Information, Fig. S3). Our results
provide substantial evidence that the PSTFS method is able to eﬀectively rank features to discriminate speciﬁc crops from other crop types
and land cover classes. For example, the classes that had low spectral
separability from corn (Fig. 5) were also the most diﬃcult to discriminate from corn in the SVM classiﬁcations (Table 2).
In addition to the clear ranking of spectro-temporal separability, the
PSTFS method eﬀectively balanced this separability with low information redundancy and produced high classiﬁcation accuracies in
terms of both spatial location and area estimates. We found further
proof of the eﬀectiveness of the PSTFS method in that the 34 optimal
metrics outperformed the feature sets with the 34 highest SIglobal metrics, 31 EVI values and the 30 phenological metrics (Fig. 8). This advantage is gained because smaller subsets of useful information are
more easily interpreted by classiﬁers than large sets of noisy or highly
correlated data. Because phenological characteristics and agricultural
landscapes may vary from region to region, these spectro-temporal
features that were selected for corn in Heilongjiang may not necessarily

5. Conclusion
In this study, we presented a PSTFS method for the purpose of crop
type mapping. We demonstrated this approach in Heilongjiang
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Province, China, for the year 2011 using MODIS imagery. A time series
of ﬁve vegetation indices (155 features) derived from MODIS data were
used as candidate features for the PSTFS method. The PSTFS method
selected the 34 optimal spectro-temporal features based on how well
they separated corn from every other class and then pruned redundant
features. Importantly, the optimal features that were identiﬁed correspond to real physical and biochemical diﬀerences between corn and
other classes. For example, two phenological stages (three leaf and
milky mature) were found to be the most crucial in separating corn
from other land cover classes, and these stages describe the periods
when the other land cover and crop types in the region are phenologically distinct.
The corn cultivation map derived from the SVM classiﬁcation
yielded producers’ and users accuracies of 96.5% and 85.4%, respectively. A comparison between our MODIS-based corn area estimates
with census-based statistical data showed good agreement with an R2 of
0.86 at the prefectural level and an R2 of 0.75 at the county level. These
promising results achieved for corn cultivation classiﬁcation in
Heilongjiang Province indicate the eﬀectiveness of the PSTFS method
for selecting the optimal features that have both high interpretability
and advantages in generating crop maps with high accuracy. Although
our case study focused on corn cultivation in Heilongjiang Province, the
PSTFS method and the multiclass SVM classiﬁer described in this work
are not speciﬁc to corn identiﬁcation and can be easily applied to
classify other land cover classes using other dense remote sensing data.
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