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Extending the Pairwise Separability Index
for Multicrop Identification Using
Time-Series MODIS Images
Qiong Hu, Wenbin Wu, Qian Song, Qiangyi Yu, Miao Lu, Peng Yang, Huajun Tang, and Yuqiao Long
Abstract—The pairwise separability index (SI) has been demonstrated as an effective indicator for capturing crucial phenological
differences between two plant species. However, its application to
crop types, which have more obvious phenological characteristics
than natural vegetation, has received less attention, and extending the pairwise SI to multiple crops for feature selection still
remains a challenge. This paper presented two SI extension approaches (SIave and SImin ) to select the optimal spectro-temporal
features for multiple crops, and investigated their classification
performance using Heilongjiang Province, China, as a study area.
Feature interpretability and classification accuracy of different
crops were evaluated for the two approaches. The results showed
that the SIave approach generally has relatively high feature
interpretability due to its better description of crucial phenological characteristics of different crops. Those crops with high
separability are insensitive to the extension approach and have
similar classification accuracy for the two approaches, whereas
those crops with poor separability show good performance with
the SImin method. Due to the higher temporal autocorrelation,
the optimal features for crop classification that are selected by the
SIave approach exhibit greater information redundancy across the
time domain than those that are selected by the SImin approach,
which largely explains the relatively low classification accuracy
achieved using the SIave approach. These comparison results
between SImin and SIave approaches also indicate that time-series
images with high temporal resolution do not necessarily produce
high classification accuracy, regardless of their ability to describe
the seasonal characteristics of crops.
Index Terms—Crop identification, extension approaches, feature interpretability, moderate resolution imaging spectroradiometer (MODIS), separability index (SI).

I. I NTRODUCTION

T

IMELY and accurate large-scale information about the
spatial distributions of crops is important for crop growth
monitoring, acreage surveys, yield estimation, and water management [1]–[4]. In addition to being time-consuming and labor
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intensive, ground observations or visits may generate errors and
discrepancies in declarations because of their subjective nature
[5], [6]. Newly emerging remote sensing technology has proved
to be a more efficient and reliable method to quickly derive
large-scale crop distribution information with good temporal
consistency [7], [8].
The remote sensing approach for crop identification largely
depends on the spectral discrimination capability. However, the
intensive management of croplands, together with the frequent
modification of farming strategies, increases the variability
of the spectral signatures of crops [9], [10]. Moreover, the
spectral reflectance of crops is strongly correlated with leaf
pigment, nutrients, and structural properties and varies with the
growing season [11], [12]. Consequently, different crops in the
same region may share similar spectral characteristics, whereas
the same crop in different locations may exhibit substantially
different spectral signatures, which is challenging for crop
identification using remotely sensed images [1], [5]. It is thus
critical to better understand the spectral separability of different
crop types and how it varies over time to facilitate determining
the optimal time period and appropriate spectral features for
crop identification [10], [13], [14].
Many studies have investigated the spectral characteristics of
vegetation. Somers and Asner [13] proposed the separability index (SI) based on hyperspectral Hyperion data and defined it as
the ratio of the interclass endmember variability to the intraclass
endmember variability, which was already used to evaluate the
spectro-temporal separability of plant species and to select the
optimal features for plant species classification. Their SI-based
separability analysis determined the optimal features and eventually yielded high classification accuracy with a relatively low
cost and low time investment. The successful tests of SI-based
feature selection for plant species classification [13], [15], [16]
inspired our interest in applying the SI for crop identification,
which is currently rare. Furthermore, similarly to the wellknown Jeffries–Matusita (JM) distance, the SI is a pairwise
measure that is naturally suitable for two-class classification
(i.e., native and invasive species). However, how to extend the
pairwise SI measure to a global measure of multiple crops
(such as rice, corn, soybeans and wheat) remains a key issue.
In general, there are two extension strategies that have been
widely used for extending JM measure to determine the optimal
feature subsets when multiple classes must be considered [17],
[18]. The first method is to calculate the average distance
and choose the features with the largest average distance as
the optimal features [17], [19]. The second is to choose the
feature subsets that allow the largest separation between the
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least separable pair of classes [17], [20]. These two extension
strategies should theoretically be suitable for extending the pairwise SI in the context of multiple crops classification for feature
selection. However, their performances in feature selection for
crop identification have not been explored. It is thus necessary
to have a systematic and quantitative evaluation of these two
SI extension approaches so as to provide valuable insights for
regional multicrop classification.
The objective of this paper is to evaluate the performances
of these two extension strategies (for simplicity, these two
methods are referred to as SIave and SImin ) in feature selection
for crop identification using time-series MODIS images. The
interpretability of the features that are selected using these two
methods and the classification accuracy that are achieved using
the selected features were used for evaluation. Specifically,
the spectro-temporal SIave and SImin matrices were calculated
based on each extension strategy and were presented visually to
qualitatively examine the feature interpretability. Four feature
subsets of different sizes were then selected for each crop type
based on the estimated spectro-temporal SIave and SImin charts,
and the associated classification accuracy were assessed for
these two extension strategies. Finally, the temporal autocorrelation of each time-series vegetation index (VI) that most likely
caused the difference in the classification accuracy of these two
extension strategies was investigated.

II. T WO A PPROACHES FOR E XTENDING THE
PAIRWISE SI TO M ULTICLASS C ASES
A. Pairwise SI
The pairwise SI was originally used to investigate the spectral
variability within (Δintra) and between (Δinter) plant species
using hyperspectral images [13]. The SI between a pair of classspecific separations is defined as follows [13], [16]:
SIij (m, n) =

|ui − uj |
Δinter(i, j)
=
Δintra(i, j)
1.96∗(σi + σj )

(m = Spectrum 1, Spectrum 2, . . . , Spectrum m,
n = Time 1, Time 2, . . . , Time n)

(1)

where ui and uj are the mean spectral values of spectral image
m at time period n for endmember class i (e.g., rice) and
endmember class j (e.g., corn), respectively, and σi and σj
are the standard deviations of classes i and j, respectively.
|ui − uj | reflects the interclass variability, and (σi + σj ) represents the intraclass variability. A high interclass variability
and low intraclass variability result in a large SI value, which
is expected to generate good classification results. The pairwise
SI can be applied to each spectro-temporal feature F (m, n),
which is composed of the m spectral image (spectral band
or VI) {Spectrum 1, Spectrum 2, . . . , Spectrum m} measured
at n time period {Time 1, Time 2, . . . , Time n}. The SI need
not assume a normal distribution for targeted measurements
and has low limitations for its dynamic range, which allows
it to be more broadly suitable than the JM distance [14] and
more suitable to rank the separability of spectral and temporal

features for a thorough understanding of whether a feature is or
is not important in identifying a given land cover class.
B. SIave and SImin Extension Approaches
As discussed earlier, the two extension strategies that have
been widely used to extend the JM distance are theoretically
suitable for extending the pairwise SI for multiclass cases. SIave
and SImin can be calculated using the following, respectively:


SIave (m, n) = 2



C 
C


ρi ∗ρj ∗SIij

i=1 j>i

(m = Spectrum 1, Spectrum 2, . . . , Spectrum m;
n = Time 1, Time 2, . . . , Time n)

(2)

C

SImin (m, n) = min SIij
i=1&j>1

(m = Spectrum 1, Spectrum 2, . . . , Spectrum m;
n =Time 1, Time 2, . . . , Time n).

(3)

SIave calculates the average of all two-class SIs, whereas SImin
considers the minimum value over all pairwise SIs, which
allows the best separation between the least separable pair of
classes. m is the spectral image, n is the time period, SIij is
the pairwise SI that is calculated using (1), C  is the number of
classes that are considered, and ρi and ρj are the a priori class
probabilities [17]. Similarly to the pairwise SI, SIave and SImin
can be applied to all features F (m, n) that are composed of the
m spectral image and measured at n time period.
III. E XPERIMENTAL D ESIGN
This paper is focused on assessing the two SI extension
approaches (SIave and SImin ) for multiple-crop identification.
To do so, time-series MODIS images were selected for a
case study in Heilongjiang Province, China. Two important
evaluation criteria were used: evaluation in terms of the feature
interpretability by SIave and SImin and evaluation in terms
of the classification accuracy of multiple crops using the selected features. The former considers whether the features that
are derived from the SIave and SImin methods capture the
characteristics of the crop growing status, whereas the latter
considers whether the crop classification using the selected
features generates satisfactory classification accuracy. The flow
diagram in Fig. 1 outlines the main processing and analysis
steps, which are described in detail in the following.
A. Study Area
Heilongjiang Province, which is located in Northeastern
China, was selected as the study area (see Fig. 2). Heilongjiang
is an agriculturally dominated province with a cropland area of
11.87 million ha (approximately 67% of its total land area) that
accounts for approximately 22% of the nation’s grain production. It has a long cold winter and a short summer, with an average annual temperature of −4 ◦ C to 4 ◦ C and 2200–2900 hours
of sunshine. Annual precipitation averages to 380–600 mm,
which is mostly concentrated in June to August [21]. The major
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Fig. 1. Flow diagram of the processing and analysis steps.

crop types are rice, corn, soybeans, and wheat in this region,
which are harvested once each year due to the limited sunshine
hours and accumulated heat [22]. Their growing calendars, including key phenological events, are shown in Fig. 3. In general,
rice is sown in early April and harvested in late September,
experiencing a relatively long growing period. Wheat is sown
earliest and harvested earliest of the four crops. Both corn and
soybeans are cultivated under dry farming conditions and have
similar growing periods. The phenological differences of the
crops are closely related to the differences in leaf pigment, leaf
water content, and canopy structure, which can be reflected
by the variance in the spectral reflectance across the growing
period.
B. Data Sources
1) Time-Series MODIS Data: This paper used time series of
the eight-day composite MODIS Surface Reflectance Product
(MOD09A1) with spatial resolutions of 250 m (Bands 1 and 2)

and 500 m (Bands 3–7). The MOD09A1 product was geometrically, atmospherically, and bidirectional reflectance distribution
fraction corrected and was deemed appropriate for reflecting
the necessary spectral and temporal information for land-cover
mapping [23], [24]. Four tiles (i.e., h25v03, h26v03, h26v04,
and h27v04) that covered the entire study area and spanned the
key growing season (from DOY 65 to DOY 305; 31 composite
periods) in 2011 were acquired from the USGS EROS Data
Center (http://edc.usgs.gov/). These tiled images were then
mosaicked, reprojected from sinusoidal to WGS84 using the
MODIS Reprojection Tool (https://lpdaac.usgs.gov/tools/modis
_reprojection_tool), and clipped to the Heilongjiang boundary through an Interactive Data Language batch processing
program.
Five VIs that were derived from different spectrum channel
combinations, (i.e., the visible–visible, visible–NIR, visible–
SWIR, NIR–SWIR, and SWIR–SWIR regions; Table I), were
calculated for each composite period (a total of 31×5 = 155 VI
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Fig. 2. Location of the study area and sampling points.

Fig. 3. Crop calendars for the four major crops in Heilongjiang Province.

images). These VIs were selected because they have been
widely used in crop identification studies and have shown great
potential for the detection of certain crop-field characteristics,
such as leaf pigments, water content, and residue cover. The use
of time-series VIs from different spectral channels is expected
to adequately capture the phenological differences between
different crop types and natural vegetation and consequently
improve the crop classification accuracy.
2) Sampling Point Data: A total of 1920 sampling points,
including 1135 crop (rice, corn, soybeans, and wheat) samples
and 785 natural vegetation (mainly forest and grasslands) samples, were collected through visual interpretation of high spatial
resolution images (i.e., SPOT4, SPOT5, and Landsat TM+)
and ground visits to targeted locations (see Fig. 2). The size
of the sampling plots exceeded 25 ha (500 m × 500 m) to
guarantee relatively homogeneous samples for the subsequent
SI-based separability analysis and classifier learning. Moreover,
the sampling sites were spatially distributed in major crop areas
of Heilongjiang Province to ensure an adequate number of crop
samples and the representativeness of intraclass variations. In
this paper, 100 samples of rice, corn, soybeans, wheat, forest,
and grassland were randomly selected and used to conduct
separability analysis. A total of 790 samples (415 crops and

375 noncrops) served as training samples for support vector machine (SVM) classifications, and the remaining 1130 samples
were reserved for the accuracy assessment.
C. Performance Assessment and Comparison
1) Computation of SIave and SImin and Evaluation of Feature Interpretability: The pairwise SI was calculated first using
(1), where m are the VIs that are used in this paper, (i.e.,
EVI, LSWI, NDSVI, NDTI, and VIgreen), and n are the time
periods, which ranges from 1 to 31. The SI of the two-class
pair was calculated for individual VIs at each time period and
was then used to examine how the separability between the
two classes changes over the spectral and temporal domains
(five VIs and 31 time periods, respectively). SIave and SImin
were then calculated for all 5 × 31 features F (m, n) using
(2) and (3), respectively, in which C  was equal to 6, and ρi
and ρj were 0.17 because the six targeted classes had the same
number of training samples for the SI calculation. We investigated both individual crop types and multiple crops to examine
how the separability changes as the number of targeted classes
increases. When the targeted object is one individual crop
(e.g., rice), only the SIij values that are linked to the targeted
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TABLE I
L IST OF VI S U SED IN T HIS PAPER

class (i.e., rice–corn, rice–wheat, rice–soybean, rice–forest,
and rice–grassland) were used to calculate SIave and SImin .
When multiple crops are considered, all SIij values, except
SIforest−grassland that has little or no effect on crop identification, were used to calculate SIave and SImin . The resulting
SIave and SImin were illustrated in a matrix of five VIs by
31 time periods. These derived spectro-temporal charts of SIave
and SImin intuitively reflect the overall separability of each
feature F (m, n) for a given crop, which is further used to
determine the optimal spectro-temporal features for classifying
multiple crops. To qualitatively assess the feature interpretability that is determined using different extension approaches,
a visual evaluation with the reference of crop calendar in
Heilongjiang was conducted to examine whether the derived
feature prioritization can respond to the crop growth status and
how well the derived optimal features with high separability
express the key phenological characteristics.
2) SVM Classification and Evaluation of Classification Accuracy: Although assessing feature interpretability can describe how well the selected features that are obtained by the
SIave and SImin methods capture the characteristics of crop
growth, it fails to depict the difference in the classification
accuracy of multiple crops between these two methods. To
do this, for each extension approach, a certain number of
important features with higher SIave or SImin values were
selected from the charts and used for crop classification by an
SVM classifier. SVMs are widely used supervised classifiers
that are based on a structural risk-minimization strategy to
determine the location of decision boundaries that produce the
optimal separation of classes in the training data [25], [26].
An SVM’s ability to handle nonlinear separation boundaries, to
generalize well from a limited number of training samples, and
to support high-dimensional feature inputs makes it particularly
efficient in discriminating complex hierarchical land-cover patterns [27]–[29]. SVM maximizes the margin between different
classes to identify an optimal hyperplane using a small number
of training samples. For nonlinearly separable input spaces, a
kernel function is employed to transform the training data into
a higher dimensional feature space; thus, linear class separation

is possible [30]. In this paper, the Gaussian radial basis function
kernel was selected because of its superior performance compared with other kernel functions [31]. This function requires
two parameters: the regularization parameter C and the kernel
bandwidth Υ . We estimated these parameters using a procedure
that involves cross-validation and grid searching.
We intentionally selected the top 6, 10, 15, and 20 features to investigate the impacts of feature size on classification accuracy. All of the SVM classifications were conducted
with the same 790 training samples and were implemented
with the MATLAB-based LibSVM [32], which offers iterative
determination of the most important parameters. The classification accuracy assessment was performed using the same
1130 validation samples, and commonly used accuracy metrics
(producers’ accuracy and users’ accuracy) were used to evaluate the classification performances of different sets of features
that were selected by the SIave and SImin methods.
3) Temporal Autocorrelation Analysis: The information redundancy of input variables is a limiting factor for image
classification accuracy [33]. We further investigated whether
the temporal autocorrelation of selected features can explain
the difference in classification accuracy between the SIave and
SImin methods. Because the five chosen VIs are a nonlinear
combination of different reflectance bands at different spectrum
channels and are therefore weakly correlated across the spectral
domain, we specifically focused on the temporal autocorrelation of the time-series VIs because the eighth-day temporal interval of the MODIS data may contain information redundancy
between neighboring images in the temporal domain. When the
SIave and SImin methods were used to determine the optimal
features, a different level of temporal autocorrelation remained,
which may partially account for the difference in classification
accuracy between these two extension approaches. In this paper, the correlation coefficients between an image at a given
time and other images that were acquired at different times were
computed for individual VIs using the following:
R2 =

Cov(VIn1 , VIn2 )2
Var(VIn1 )∗Var(VIn2 )

(4)
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Fig. 4. Spectro-temporal SIij charts for the six classes of interest. The horizontal and vertical axes of the SI charts represent the VI and the time scale, respectively.
The value in each grid represents the pairwise SI value of the corresponding feature F (m, n) where m is the individual VI {EVI, LSWI, . . . , VIgreen} and n
is the individual date {65, 73, 81, . . . . . . , 305}. Note that the SIforest−grassland that has little or no effect on crop identification was eliminated here. The redder
the grid cell is, the more separate the two classes for a given feature F (m, n) becomes.

where VIn1 and VIn2 are the variances of the VI value of the
VI image acquired at one time period n1 and at the other time
period n2 , respectively, and Cov(VIn1 , VIn2 ) is the covariance
between these VI values. The R2 calculation was performed to
each VI image (i.e., EVI, LSWI, NDSVI, NDTI and VIgreen),
and the resulting R2 was illustrated in a matrix of 31 by 31 time
periods.
IV. R ESULTS
A. Feature Interpretability of SIave and SImin
Fig. 4 presents the spectro-temporal SIij charts for the pairwise classes. The horizontal and vertical axes of the SIij charts
represent the VI (m) and time (n) domains, respectively. As
the SIij value increases, the two classes for a given feature
F (m, n) become more separable, and the corresponding grid
in the chart becomes increasingly red. The SIij charts show
how the separability of two classes changes over the five VIs
and 31 time points. These dynamic changes in the SIs mirror
the occurrence of phenological events across the crop growing
season, which agrees with the conclusions of Somers and Asner
[13], [16]. For instance, during days 130–155 (late May) of

the year, rice in Heilongjiang undergoes transplanting, during
which the water content of the paddy field are significantly
higher than those of corn fields at the stage of emergence.
Thus, the pairwise “rice–corn” chart in this period is expected
to have a relatively high pairwise SI for LSWI that is sensitive
to leaf water and soil moisture [24], [34]. Fig. 4 also shows
that different pairwise classes exhibit obvious discrepancies in
separability for the given features of the spectral VIs and time
periods, which highlights the merit of using different timeseries VIs for multiclass identification because they can detect
the subtle phenological differences between these classes.
The spectro-temporal charts that were derived using the two
extension methods, (i.e., SIave and SImin ) are shown in Fig. 5,
where the value in each grid is the overall separation measure,
SIglobal , which describes the overall separability between a
specific class and other classes. In general, the charts that are
derived from SIave exhibit subtler color variations than those
from SImin . Thus, feature prioritization based on the SIave
approach shows higher coherence across the spectral and time
scales, whereas the SImin approach shows relatively high variations in feature prioritization, particularly for features with high
SIglobal values. When the number of pairwise classes increases,
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Fig. 5. Spectro-temporal SIave and SImin charts for the individual crop types and multiple crops. The horizontal and vertical axes represent the VI and the time
scale, respectively. (a) and (b) correspond to the SIave and SImin extension approaches, respectively. “Rice,” “Corn,” “Soybeans,” and “Wheat” indicate that the
targeted class is an individual crop type, and the five associated SIij values in Fig. 4 were integrated to calculate the SIave and SImin matrices. “Multiple Crops”
indicates that the targeted classes include all four crops, and all 14 SIij values in Fig. 4 were integrated to calculate the SIave and SImin matrices. The redder the
grid cell is, the higher the overall separation between a specific class and other classes for a given feature F (m, n) becomes.

the amplitude of the variation in feature prioritization increases
dramatically in the SImin -based “multiple crops” chart, whereas
that in the SIave -based “Multiple crops” chart changes more
slowly across the spectral and temporal scales. Fig. 5 also shows
that some important phenological events are not expressed
well by the SImin approach. For instance, the transplanting
stage, together with LSWI, has been demonstrated to be an
effective feature to differentiate rice from other crops; this
effectiveness can be seen in the SIave approach but is masked
in the SImin approach. Corn and soybeans can be distinguished
from rice, wheat, and even grasslands using LSWI during the
trefoil period due to the relatively low surface water and sparse
vegetation cover (see Fig. 4). This phenological characteristic
is expressed by F (LSWI, 140−170) in the SIave approach but
fails in the SImin approach. Therefore, SIglobal that is derived
from SIave tends to correlate better with the growth status of
the crops. From the perspective of feature selection, the SIave
approach better reflects the key phenological characteristics
of crops, and the derived feature prioritization shows better
interpretability than the SImin approach.
When comparing the four individual crops, more red grids
are found in the rice and wheat charts that are derived from
the two extension methods, which suggests that rice and wheat
have relatively strong separability compared with soybeans and
corn. This observation can be explained by the fact that rice is
irrigated and has unique phenological phases of flooding and
transplanting when the field is a mixture of abundant surface
water and a few rice plants; therefore, this crop presents a
higher SIglobal value in the feature F (NDSVI &LSWI&EVI,
140−165). When rice enters its milky maturity to senescence
stages, the yellowing of the rice leaves and the low leaf water content result in lower NDSVI values than those of other crops and
natural vegetation, which produces relatively high separability
for the feature F (NDSVI, 241−265). Wheat in Heilongjiang
is harvested earliest (late July to early August), whereas other
crops are still in the milky maturity or seed filling stages and
the natural vegetation is in a period of vigorous growth. Once
wheat is harvested, its surface water and vegetation coverage

are significantly lower than those of other classes, which can be
expressed by the related VIs (NDTI, LSWI, and VIgreen) and
the time periods (220 to 250 days) that show higher SIglobal
values in the charts.
The feature prioritization in Fig. 5 shows that both the SIave
and SImin methods have good similarity for rice and wheat
but apparent differences for corn and soybeans. This finding
is not surprising for rice and wheat because their pairwise
SIij remains high (see Fig. 4), and exhibits a relatively low
variance, which results in a stronger separability for rice and
wheat (see Fig. 5). However, soybeans and corn have high SIij
values for the pairwise classes of rice–soybean, soybean–forest,
and corn–forest but have relatively low pairwise SIij values
for corn–soybean, corn–grassland, and soybean–grassland. The
high variances in pairwise SIij cause significant differences in
feature ranking and prioritization derived from the SIave and
SImin extension methods. Thus, crops with low separability
tend to be more sensitive to the extension approach for feature
selection.
B. Classification Accuracy of SIave and SImin
Both charts that are derived from the SIave and SImin approaches (see Fig. 5) accurately depict the ranking of feature
importance for both individual crops and multiple crops. To
further assess the performances of the two approaches on crop
identification, the most important 6, 10, 15, and 20 features
were selected from these charts and are shown in Table II,
where the case of multiple crops is illustrated as an example.
The optimal features that are selected using the SIave and SImin
approaches show substantial differences in the selected VIs and
time points.
These selected features were used for the classification of
individual crops and multiple crops. The classification maps
of multiple crops, which are derived from the SIave and SImin
methods using the top 20 features, are shown in Fig. 6 because
of their relatively high classification accuracy. Fig. 7 shows
the producers’ and users’ accuracy of all targeted classes,
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TABLE II
O PTIMAL 6, 10, 15, AND 20 F EATURES FOR THE I DENTIFICATION OF M ULTIPLE C ROPS BASED ON SIave AND SImin , R ESPECTIVELY

Fig. 6. Classification maps of multiple crops based on the top 20 features derived from (a) the SIave approach and (b) the SImin approach.

among which the producers’ accuracy is a measure of omission error and indicates the probability of actual areas being
correctly classified, whereas the users’ accuracy is a measure
of commission error and indicative of the probability that a
category classified on the map actually represents that category
on the ground. When compared with the other three crops,
rice generally shows the highest overall accuracy and a small
accuracy difference between the SIave and SImin approaches,
except that the users’ accuracy of the “Top_6” feature subspace
that is derived from SImin is slightly less than that of SIave .
The high classification accuracy and accuracy consistency of
rice are attributed to its strong separability and good agreement
between the SIave - and SImin -derived SIglobal prioritizations,
as was shown in Section IV-A. As the feature quantities increase further, the classification accuracy of rice is expected
to increase accordingly, and the difference between these two
approaches will decrease gradually due to the increasing number of common optimal features that are shared by the two
approaches. For corn and soybeans that present relatively poor
class separability (see Fig. 5), their classification accuracy using
the features that are selected by SImin are much higher than

that of SIave . This outcome may occur because the SImin
method tends to select the minimum SIij over all pairwise
SIij to determine SIglobal , thus giving a higher priority to the
least separable pair of classes, which normally has a large
impact on the overall accuracy in the context of classes that
are significantly confused. Thus, the selected optimal features
with the highest minimum SIij from the SImin method will
result in relatively good accuracy compared with the SIave
method. Moreover, the classification accuracy of soybeans is
lower than that of corn, and the difference in accuracy between the two extension approaches is distinctly larger. This
observation is due to the relatively heterogeneous nature of
soybeans fields in Heilongjiang, which results in more mixed
pixels than corn when using MODIS images for classification.
In addition, although soybeans and corn experience similar
phenological periods, the big discrepancy in biochemical and
structural properties at specific phenological stages can result in
different selection of optimal spectro-temporal features and thus
difference in their classification accuracy. The users’ accuracy
for wheat using the SIave method was significantly higher
than that using SImin , but no clear pattern between these two
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Fig. 7. Producers’ accuracy and users’ accuracy for targeted crops using features that are derived from the SIave and SImin approaches. (a), (b), (c), (d) and
(e) represent the results for rice, corn, soybeans, wheat and multiple crops, respectively, and Top_6, Top_10, Top_15 and Top_20 represent different numbers of
optimal features as shown in Fig. 5.

approaches was found for the producers’ accuracy for wheat.
However, the classification accuracy fluctuates substantially as
the feature dimensions increase for both SIave and SImin . The
low proportion of wheat areas in Heilongjiang Province (see
Section III-A) may be responsible for the relatively low classification accuracy and the large variance in accuracy among
the different feature subspaces. Finally, for multiple crops,
the SImin method also shows higher classification accuracy
than SIave , particularly for the “Top_10” and “Top_15” feature
subspaces.
The results of the comparison of crop classification accuracy illustrate that SImin generally performs better in crop
identification than SIave . Crops with high separability (such
as rice) are less sensitive to the extension approach, and their
classification accuracy remains stable. However, the crops with
poor separability, particularly when they are associated with
fragmented field sizes, have good performance with the SImin

method because this method prioritizes the classes with poor
separability and thus generates relatively high classification
accuracy for these crops. Low proportions of cultivated area
increase the volatility of the classification accuracy between
the different feature subspaces and consequently add further
uncertainty to the selection of the optimal extension approach.
C. Reasons for the Different Accuracy of These Two Methods
The results that were presented in Section IV-B show that the
SImin approach generally has better crop identification accuracy
than the SIave approach. A temporal autocorrelation analysis
was performed to explain the difference in accuracy between
these two extension approaches from the perspective of information redundancy. Fig. 8 shows the temporal autocorrelation
of five time-series VIs at a temporal interval of eight days.
The value of each grid represents the correlation coefficient
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Fig. 8. Temporal autocorrelation of the time-series VIs. (a) EVI, (b) LSWI, (c) NDSVI, (d) NDTI, and (e) VIgreen. Both the horizontal and vertical axes of the
charts represent the time scale. The redder the grid cell is, the higher the correlation between two VI images acquired on a different date is.

of determination R2 between one VI image and another image
acquired on a different date. As R2 increases, the information in
the two images becomes increasingly redundant. As expected,
high levels of redundancy occurred between temporally neighboring images. Because of the high continuity across time, the
optimal features that were selected by the SIave approach for
crop classification have greater information redundancy than
those selected by the SImin approach. This largely explains the
difference in accuracy between the two approaches. For example, the 20 selected optimal features include F (EVI, 145−169),
F (LSWI, 145−177 &225) and F (NDSVI, 233−257) for multiple crops (Table II), and they all have higher R2 values on the
corresponding dates on the EVI, LSWI, and NDSVI charts in
Fig. 8. In addition, the top 6, 10, and 15 features that were derived from SIave generally include more time-adjacent features
that contain greater information correlation than SImin , which
could account for the relatively low classification accuracy of
the SIave method compared with SImin (see Section IV-B). The
optimal features of the individual soybeans and corn crops that
were selected by the SIave approach, such as F (EVI, 161−177)
and F (LSWI, 161−177), largely coincide with the red grids
that are associated with high information redundancy in Fig. 8
and thus result in lower classification accuracy. As described
in Section IV-A, the derived feature prioritization by SIave
changes slightly with time relative to SImin and has good consistency with the real crop growth processes in Heilongjiang.
However, its relatively high temporal autocorrelation of the
derived optimal features causes more information redundancy
than that of SImin , which consequently reduces the classification accuracy.
The temporal autocorrelation of selected features can have
a negative effect on the classification accuracy because the
generated information redundancy can reduce the usefulness
of information for specific classes compared with uncorrelated
features of the same size. This observation suggests that crops
with high separability only need to achieve a certain magnitude
of optimal features for classification and that more information
with high redundancy neither adds value to the classification
nor substantially reduces its classification accuracy. This is why
rice has relatively high classification accuracy and a relatively
small difference in accuracy between the two approaches,
despite the temporal autocorrelation between its optimal features. This temporal autocorrelation of the MODIS images with
the eight-day time interval indicates that time-series images
with high temporal resolution do not necessarily produce high

classification accuracy because high temporal resolution leads
to high information redundancy. Furthermore, Fig. 8 reveals
that different VIs have different degrees of temporal autocorrelation. The time-series EVI and NDSVI contain more temporal
autocorrelation than the other VIs, and the period from days 225
to 255, when most of the crops in Heilongjiang are in the stage
of reproductive growth, was surprisingly found to be associated
with information redundancy, which should draw attention to
the selection of optimal features for crop identification.
V. D ISCUSSION
Although there are many prominent feature selection methods for land cover classification [25], [35], [36], the SI-based
method in this study was demonstrated to be particularly suitable for selecting the optimal spectro-temporal features for
crop identification due to its ease of use, efficiency, and most
importantly its transparent feature importance ranking that well
reflects the crucial phenological characteristics of crops. This
paper exemplifies the possibility of extending the pairwise SIij
to determine the optimal features for multiclass classification.
In this paper, feature interpretability and classification accuracy were taken as major indicators to evaluate the performance of the two SI extension approaches (SIave and SImin ).
Classification accuracy is widely used as one of the most important criteria because accurate classification maps are useful
for supporting various monitoring applications and decision
making. However, the ability to clearly interpret the results
of selected optimal features must be taken into consideration
[36]. Easy interpretability generally implies that the selected
features can well describe the intrinsic and unique physical
properties of the targeted classes that are significantly different from other classes. Therefore, the selected features with
high interpretability tend to be relatively robust when they
are applied to another year or study area. This paper shows
that the SIave approach has better feature interpretability but
relatively lower classification accuracy than the SImin approach
because of its high temporal autocorrelation of time-series
VIs. This finding suggests that to some extent achieving high
feature interpretability may require sacrificing classification
accuracy. When a strategy to reduce temporal autocorrelation
is performed to improve the classification accuracy of SIave , its
feature interpretability could be somehow decreased because
the natural dependencies between certain features across the
time and spectral domains are destroyed.
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The SIave approach is easily affected by an atypically large
pairwise SIij , which can leverage the mean distance and mask
the overall classification difficulty, whereas the SImin approach
is particularly sensitive to very small pairwise SIij values and
may overstate the overall classification difficulty and neglect
the effective influence of large pairwise SIij values. Theoretically, when the variance of all targeted pairwise SIij values is
sufficiently small, the difference in classification accuracy and
interpretability between these two extension approaches should
also be small. However, in practice, the real population distribution characteristics of the targeted classes are unknown, and
the separation principle of SIglobal does not exactly coincide
with the intrinsic mechanism of feature selection of the used
classifier. Therefore, the extent to which SIglobal value has the
ability to separate two classes remains unknown; thus, it is
difficult to determine which approach is better simply based on
the variance of limited samples. Therefore, in this paper, we
did not evaluate the suitability of these two approaches directly
based on the variance characteristic of all associated pairwise
SIij but instead focused on the classification accuracy using
optimal features derived from these two methods.
Four feature subspaces with different sizes were used in
this paper because feature quantity is another important factor
for classification accuracy in addition to feature quality [3],
[37], and classifications with a large number of features may
blur the effects of feature quality on accuracy. Therefore, to
objectively assess the classification performances of these two
approaches, the number of optimal features that are used for
SVM classification should be the same. In addition, to examine
the stability of the accuracy difference and exploit the maximum accuracy possible, various feature space dimensions were
tested for these two approaches. The results show that when the
number of selected features reaches a certain level, the classification accuracy becomes stable or decreases, which is the wellknown “Hughes effect” [3], [25]. As illustrated in Section IV-B,
the overall classification accuracy increases as the number of
features increases. The SImin approach seems to easily produce
the “Hughes effect” because of its higher classification accuracy
than the SIave approach. In particular, when the number of
features increases from 15 to 20, the classification accuracy of
corn, soybeans, and multiple crops with SImin remains stable
or decreases slightly. Because the objective of this paper was
to conduct an evaluation and comparison between the two SI
extension approaches rather than to propose a classification
strategy to maximize the absolute classification accuracy, the
accuracy for the different crop types in this paper may not be
the highest achievable accuracy. We conclude that the SI-based
analysis that automatically identifies the individual optimal
spectro-temporal features, combined with a strategy of reducing
information redundancy to determine the most appropriate size
of the feature subspace, is a good option for feature selection
and may yield a high accuracy and low computing time.
Although this paper aims to investigate the potential of
these two extension approaches in selecting the optimal time
period and appropriate spectral features for multiple crop
types, the evaluation results offered other valuable insights into
crop classification. First, the derived SIave and SImin charts
highlight the clear superiority of combining multispectral and
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multitemporal images for multiple crop identification because
they are capable of depicting the dynamic characteristics of
agricultural land use systems and capturing the subtle differences between crop types, particularly for those crops that have
different growth periods or share similar phenological phrases
but present significantly different biochemical and structural
properties. Additionally, individual spectral or temporal features do not contribute equally to crop identification, and
there is feature prioritization, which can facilitate the appropriate selection of imported features for regions with similar
planting patterns. For example, another spectral feature (e.g.,
LSWI) can compensate for the absence of certain temporal
images of some VIs (e.g., EVI) that may be destroyed by
cloud cover. Second, the existence of temporal autocorrelation
emphasizes that high-temporal-resolution time-series images
do not necessarily guarantee high classification accuracy due
to the occurrence of information redundancy compared with
images with relatively low temporal resolution. However, the
identification of multiple crop types with substantial intraclass
variability and interclass similarity requires a relatively high
temporal resolution. Therefore, the strategy of selecting the
appropriate temporal resolution and making trade-offs between
feature interpretability, classification accuracy, and computing
efficiency should be further studied in the future.
It needs to be noted that, although the major data source
in this paper is time-series MODIS, the proposed extended
methods for feature selection do not have strict requirements for
satellite images according to the algorithm principles. This may
inspire more future attempts of these techniques to time-series
high and medium spatial resolution images such as Landsat 8
and sentinel-2A for multiple crops classification as these images are capable of characterizing spectral and texture dynamics of crops particularly in complex agriculture landscapes
such as South China. Moreover, it is also necessary to test the
proposed method in different regions particularly those with
multiple cropping practices and to compare their performance
in the future since crop variety, crop calendar, and agricultural
management generally vary with regions.

VI. C ONCLUSION
The SI has been demonstrated to be particularly useful for
characterizing the seasonal dynamics of land-cover classes,
which inspired our interest in investigating its potential for
selecting the optimal time period and appropriate spectral features for multiple-crop identification. From the perspective of
feature selection, previous SI studies have focused on two-class
cases (i.e., native and invasive species) and have not addressed
multiclass cases. This paper has extended this pairwise SI to
multiple classes using the SIave and SImin approaches and
evaluated their performance in the feature selection of different crop types using multiple time-series MODIS VI images
in Heilongjiang Province, China. The feature interpretability
and classification accuracy that were derived from the SVM
classifier were assessed. The evaluation results of feature interpretability illustrated that the SIave approach has higher feature
interpretability because it is superior at expressing the key
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phenological characteristics of crops, and the derived prioritizations correspond better to the growth status of the crops.
The evaluation of the classification accuracy illustrated that the
crops with high separability (e.g., rice) are insensitive to the
different extension approaches and have stable classification
accuracy for the two approaches, whereas the SImin approach
is more suitable than SIave for crops with poor separability
(e.g., corn and soybeans), particularly when they are associated
with fragmented field sizes. The relatively low classification
accuracy of SIave is largely explained by its relatively significant temporal autocorrelation because its selected optimal
features tend to obtain higher temporal adjacency, which results
in greater information redundancy than in the SImin approach.
Both the SIave and SImin charts present clear feature prioritizations, which can provide guidance for the imagery collection
schedules in regions with similar agricultural systems. Because
high temporal resolution may cause high information redundancy between time-adjacent images, high-temporal-resolution
images do not necessarily result in high classification accuracy
for crops, despite their good ability to express dynamic seasonal characteristics. These results establish the basis for an
operational crop monitoring program in Northeast China using
time-series MODIS images. However, balancing the feature
interpretability, classification accuracy and classification efficiency should be considered further in the future.
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