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Abstract: Accurate data about the spatial distribution and planting area of maize is important
for policy making, economic development, environmental protection and food security under
climate change. This paper proposes a new identification method for spring maize based on
spectral and phenological features derived from the moderate resolution imaging spectroradiometer
(MODIS) land surface reflectance time-series data. The method focused on the spectral differences
of different land cover types in the specific phenological phases of spring maize by testing the
selections and combinations of classification metrics, feature extraction methods and classifiers.
Taking Liaoning province, a representative planting region of spring maize in Northeast China, as
the study area, the results indicated that the combined multiple metrics, including the red reflectance,
near-infrared reflectance and normalized difference vegetation index (NDVI), were conducive to the
maize identification and were better than any single metric. With regard to the feature extraction
and selection, maize identification based on different phenological features selected with prior
knowledge was more efficient than that based on statistical features derived from the principal
component analysis. Compared with the maximum likelihood classification method, the decision
tree classification based on expert knowledge was more suitable for phenological features selected
from some prior knowledge. In summary, discriminant rules were defined with those phenological
features from multiple metrics, and the decision tree classification was used to identify maize in the
study area. The producer’s accuracy of maize identification was 98.57%, and the user’s accuracy was
81.18%. This method can be potentially applied to an operational identification of maize at large
scales based on remote sensing time-series data.
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1. Introduction

Maize is one of the world’s major grain crops [1]. Accurate data about the spatial distribution
and planting area of maize is of great significance for crop yield estimation, agricultural production
management, agricultural policy-making and food security under climate change [2-5]. The field
survey is a traditional way to investigate crop distribution, but it is unable to meet the needs of modern
crop investigation for a precise, comprehensive and efficient development aim [6]. Remote sensing
technology has the advantages of large-scale synchronous observation, high visiting frequency and
low cost, so it can be potentially and conveniently used to obtain the actual crop spatial distribution at
large scales [7,8].
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Crop identification based on remote sensing data is essentially a refined classification of the
vegetation types on the arable land. Different crop types within the same growing season may have
similar spectral and textural features in remote sensing images at a large scale. Therefore, crop
types cannot be effectively distinguished if only a single-phase remote sensing image is used during
the growing season [9]. Temporal features corresponding to the whole process of crop growth and
development can reflect the variations of crop biomass and coverage with time [10]. The continuous
time series of remote sensing images with a high temporal resolution can reflect the crop phenological
phases. According to the phenological differences among different crops, the large-scale crop spatial
distribution may be accurately extracted [11].

Previous studies tended to use features from a single metric (e.g., mostly vegetation index) to
distinguish crop types and then obtain the spatial distribution of a specific crop [8,12-16]. However,
features from a single metric are weak at discriminating different crops which have a similar growing
cycle and planting structure. Moreover, the error tolerance for temporal noise in time-series remote
sensing data is relatively low for a single metric, which will further affect the identification of a
specific crop. For example, the normalized difference vegetation index (NDVI) has the advantage
of compositive information from the red and near-infrared reflectance band and is often used as a
single metric (i.e., the red or near-infrared reflectance band is not further used) to identify crop types.
However, it may mask the differences in the red and/or near-infrared reflectance band between a
specific crop and other land cover types. Maize can be widely planted and has a wide ecological
amplitude that tends to overlap with other crop types. The identification accuracy for maize may be
very low if only the features from a single metric are used [17]. To solve this problem, many researchers
have attempted to combine multiple metrics, such as vegetation indices [18,19], multi-spectral
reflectance [20] and phenological metrics [21,22]. However, these metrics are always constrained by
the high demand of simultaneity about high spatial and temporal resolution of remote sensing images
which is difficult to be reached currently. Image fusion [23-25] and mixed pixel decomposition [9,20,26]
are other ways to solve this problem, but the inconsistency of multi-source image data and the reliability
of mixed pixel decomposition model would have impacts on crop identification.

Though the combination of multi-metric variables can enhance spectral information, it is likely
to cause information redundancy [27], resulting in a low efficiency for data storage and processing.
Besides, too many features may lead to data redundancy and overfitting. That is, the classification
accuracy does not increase with the increasing number of features, but decreases. Redundant
information largely exists in the remote sensing time-series data. In order to improve the classification
efficiency;, it is necessary to find effective information from these redundant time-series data: namely;,
feature extraction and selection. There are two common types of method for this: one is the
unsupervised feature extraction and selection based on statistics, and the other is the supervised
feature extraction and selection based on prior knowledge. The principal component analysis (PCA)
is a traditional unsupervised feature extraction method based on information compression [28], but
it may be not a good feature selection method because the last principal components may be more
contributive to a given classification [29]. By contrast, the random forest (RF) [30], genetic algorithm
(GA) [31] and particle swarm optimization (PSO) [32] can handle redundant features very well and
provide some hints for feature selection and reduction.

Aiming to improve the identification accuracy of spring maize from the optimal combination
of the main classification processes, this study took Liaoning province, a representative planting
region of spring maize in Northeast China, as an example and proposed a new identification method
for spring maize based on spectral and phenological features from multiple metrics. The following
three hypotheses were first tested and verified, and then an optimal identification method for maize
was summarized.

(1)  For this study, differences between maize and other land cover types may be more obvious in the
red and/or near-infrared band than NDVI in some certain phenological stages of maize.
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(2) Since time-series data can reflect the growing rhythm of vegetation, the selected phenological
features based on prior knowledge may be better than the statistical features derived from the
PCA method.

(3) In this study, the decision tree classifier based on expert knowledge may be more matched than

the maximum likelihood classifier based on statistics according to the selected features.
2. Study Area and Materials

2.1. Study Area

Liaoning province is located in the south of Northeast China. Its terrain tilts from north to south
and from both east and west to the central plain (Figure 1). Both east and west are mainly featured
by mountains with limited arable land. Liaohe Plain, lying in the center of the province, is the major
farming area. Located in the mid-latitude region of the east Eurasia coast, Liaoning province has a
temperate continental monsoon climate with a synchronous variation of heat and moisture, abundant
sunshine and high accumulated temperature. Liaoning province is one of the main planting areas of
maize in China. The maize sown area was 2.417 million hectares in 2015, accounting for 57.27% of the
total crop sown area in Liaoning province [33]. Rice is also an important crop and its sown area was
544.9 thousand hectares, accounting for 12.9% of the total crop sown area. Besides this, beans, peanuts
and other crops are planted as well, but all of their areas are less than 7%. In the classification, crops
with a small sown area (e.g., beans, peanuts, etc.) are merged to a single class (i.e., other crop types).
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Figure 1. The location and terrain of the study area.

2.2. Materials

2.2.1. Time-Series Data

The 8-day composite moderate resolution imaging spectroradiometer (MODIS) land surface
reflectance data product (MOD09Q1) with a 250-m spatial resolution was freely downloaded from
the National Aeronautics and Space Administration (NASA) website (https://earthdata.nasa.gov/).
It includes the red and near-infrared land surface reflectance band. Taking into account the scale and
crop planting structure of the study area, the MODO09Q1 with a spatial resolution of 250 m and a
temporal resolution of 8 days is a more suitable data source, since it is difficult to have a full time series
of images with a high temporal visiting cycle (e.g., shorter than 10 days) to cover the whole growing
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season of maize. On the other hand, an image with a too-low spatial resolution will lead to a relatively
serious spectral mixing problem.

Three tiles (i.e., h26v04, h27v04 and h27v05) were used to cover the whole study area. There are
46 images for each tile in one year. The images in 2015 were used for analysis. The three tiles, at the
same time, were first mosaicked and re-projected to the Albers conical equal area projection using the
MODIS re-projection tool (MRT). The red and near-infrared reflectance time series were then stacked,
respectively, and they were used to compute the NDVI time series according to Formula (1).

NDVI = (pyiy — prea)/ (Prir + Pred) @

where p,,;, and p,,4 are the MODIS red and near-infrared land surface reflectance, respectively.

2.2.2. Other Ancillary Data

e  Eighty in-situ maize samples of 200 m x 200 m in 2015 from the Survey Office of the National
Bureau of Statistics in Liaoning for the selection of samples. This data came from field surveys,
and they were mainly used as the base to select maize samples.

e  Google Earth high-resolution images in 2015 for the replenishment of samples. Google Earth
provides high-resolution images and user-submitted location-based pictures that can be used to
select samples by visual interpretation based on the textures, colors and shapes of different land
cover types.

e Global land cover data (finer resolution observation and monitoring of global land cover,
FROM-GLC) in 2010 from the Department of Earth System Science, Tsinghua University, for
the selection of samples. FROM-GLC was only used as an ancillary reference for sample selection
to help determine the type of a given land cover, since its overall classification accuracy is 64.9%
and its phase is in 2010.

e  Crop calendar data of Liaoning province in 2015 from the Department of Planting Management,
Ministry of Agriculture, China, for analyzing the phenological features of crops.

3. Methods

Maize was identified by analyzing the phenological features from multiple metrics (i.e., red
reflectance, near-infrared reflectance and NDVI) (Figure 2). Training and validation samples were
selected mainly based on the in-situ survey data, assisted with the Google Earth images in the same year,
global land cover data and crop calendar data. Then, the red reflectance, near-infrared reflectance and
NDVI time-series curves of training samples were extracted. The differences between maize and other
land cover types for the three metrics at each phenophase were analyzed. Based on these differences,
the first hypothesis was tested to evaluate whether multiple metrics contribute to maize identification
much more than a single metric. To test the second hypothesis, different feature extraction and selection
methods and their impacts on the maize identification accuracy were compared. As for the third
hypothesis, the scheme of maize identification was constructed and tested. Finally, an identification
method for spring maize based on spectral and phenological features was summarized.
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Figure 2. Flowchart of maize identification.

3.1. Selection of Samples

3.1.1. Design of Classification System

According to the target crop (spring maize), the main land cover types in Liaoning and the
separability among land cover types in the 250 m-resolution MODIS images, a classification system
was designed, including maize, rice, woodland (including forest and shrub), grassland (including
other types of crops, such as vegetables, soybean, etc.), buildings and water.

3.1.2. Selection of Samples

According to the classification system and the crop calendar, 900 training samples for six
categories were selected by visually interpreting the Google Earth high-resolution images based
on the in-situ survey data (Figure 3a, Table 1). The area for each sample was more than 500 m x 500 m.
The Jeffries-Matusita separation degrees, which is one of the most common used distance measures to
evaluate the separability of training samples [34], were all greater than 1.999 for the training samples
among different land cover types. Since the range of the Jeffries-Matusita distance is between 0 and 2
and a value greater than 1.9 indicates a very good performance, these training samples satisfied the
requirement of land cover classification.

230 validation samples were randomly scattered in the study area (Figure 3b, Table 1), and
they were also visually interpreted from the Google Earth high-resolution images and FROM-GLC.
These validation samples were divided into six types, just as in the case of the training samples.
They were used to evaluate the accuracy of maize identification.

Table 1. The number of samples.

Type of Sample Maize Rice Woodland!  Grassland?  Buildings  Water Total
Training samples 150 150 150 150 150 150 900
Validation samples 70 20 76 45 14 10 230

! Woodland includes forest and shrub. 2 Grassland includes other types of crops, such as vegetables, soybean, etc.
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Figure 3. Distribution of samples. (a) Training samples; and, (b) Validation samples.

3.2. Analysis of Phenological Features for Different Land Cover Types

3.2.1. Characteristics of Different Land Cover Types in NDVI Time Series

Different land cover types showed different NDVI curve shapes (Figure 4), especially in the key
phenophases of maize. The crop calendar and NDVI time-series curves showed that the growing
season of maize is from late April (Julian day of year (DOY) 113) to mid-October (DOY 289) in Liaoning
province. Before mid-April, maize has not been sown, and the farmland mainly shows bare soil
information. Therefore, the NDVI values are all less than 0.2. From late April to mid-May at the
seeding stage of maize, the NDVI values of maize show a slowly upward trend. From mid-May to
early July at the shooting stage, the NDVI values of maize increase remarkably. From mid-July to
mid-August, maize is at the tasseling stage and its NDVI values reach the peak. It is the rainy season
in Liaoning province at this time, so the NDVI time series may be contaminated by cloud and rain.
From the milk stage to maturation stage, the NDVI values of maize decrease gradually. In mid-October,
maize is harvested, and the farmland returns to be bare soil.

Rice is sown in late April and harvested in mid-October in Liaoning province. Its growing season
overlaps with maize. Therefore, the NDVI time-series curve of rice resembles that of maize (Figure 4).
There is no obvious difference in NDVI between rice and maize during the seedling stage of rice from
late April to early May. From mid-May to early June, there is a distinctive transplanting stage for rice.
The paddy fields are irrigated at this time, and the NDVI values of paddy field decline slightly. At the
same time, the NDVI values of maize continue to rise slowly since there is no transplanting stage for
maize. From mid-June to early July, rice and maize are both in the shooting stage with a sharp rise in
NDVI values. However, the NDVI values of rice increase much faster than maize. From mid-July to
mid-August, rice and maize are both in the heading (tasseling) stage, and their NDVI values reach
the peak. At this time, the NDVI values of rice are greater than 0.8, while those of maize are less than
0.8. After late August, the NDVI values of rice and maize decrease gradually. From mid-September
to mid-October, rice gets into the maturation stage, and its NDVI values show a slow decline, while
those of maize show a sharp decline. According to the NDVI time-series curves of the two crops, the
differences between rice and maize are very small.
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The NDVI values of water are negative in the non-growing season of vegetation. However, the
growth of aquatic plants in July and August will lead to an increase in NDVI values with a peak of
about 0.3. The NDVI values of the buildings are always low throughout the whole year. Woodland’s
NDVI values begin to increase in early April and reach the peak in late May. At this time, the NDVI
values of grassland and crops just begin to increase, but grass grows earlier than crops. Compared to
other vegetation types (i.e., woodland, maize and rice), the peak NDVI values that grassland can reach
are lower throughout the whole year, below 0.7.
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Figure 4. Averaged normalized difference vegetation index (NDVI) time-series curves for different
land cover types based on training samples during 2015.

3.2.2. Characteristics of Different Land Cover Types in the Red and Near-Infrared Reflectance
Time Series

Although the NDVI time-series data have the advantage of compositive information in
distinguishing land cover types, some of the original red and near-infrared reflectance information
may be lost in the synthesizing process, resulting in a weak identification capacity for different crops
that have a similar growth cycle. The phenological features of maize and rice in the NDVI time series
have little differences within the range of mean =+ 1 times of the standard error (Figure 5). However,
there are large differences between maize and rice in the red and near-infrared reflectance time series
(Figure 5b).

The NDVI values of non-vegetation types (i.e., buildings and water) are always low throughout
the whole year (Figure 5a). The largest difference between non-vegetation and vegetation exists in the
vigorous growing stage of vegetation (shown in the B1 window in Figure 5a). Therefore, the average
NDVI values in the period from the tasseling to milk stage of maize (DOY 193-257) can be used to
distinguish vegetation types from non-vegetation types. For vegetation types, natural vegetation types
(i.e., woodland and grassland) and crops (i.e., maize and rice) have a large difference in the shooting
stage of maize (shown in the B2 window in Figure 5a). In this period, woodland turns green first,
then grassland and crops last. Woodland has reached its peak with a high NDVI value of about 0.8,
grassland develops with a moderate NDVI value of about 0.6, and the two crops just start to elongate
with a low NDVI value of about 0.2. Therefore, the average NDVI values in the shooting stage of maize
(DOY 129-153) can be used to distinguish crops from natural vegetation types.

Maize and rice are both the major crops, with similar growth cycles and NDVI time-series curves,
in Liaoning province. Except for the early stage of maturation for maize (DOY 265-273) (shown in the
B3 window in Figure 5b), they cannot be distinguished in the NDVI time-series curves. However, large
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differences exist in the red and near-infrared reflectance time-series curves between maize and rice
(shown in the B4, B5 and B6 window in Figure 5b). These periods with large differences correspond
to the phenophases of maize in the early stage of shooting (DOY 129-169) and the early stage of
maturation (DOY 257-265). These large differences will be used to distinguish between maize and rice.
Though differences also exist in the middle stage of tasseling (DOY 217) in the near-infrared reflectance
and in the middle stage of maturation (DOY 273) in the red reflectance, they are susceptible to noise
because of the only one-phase image. Therefore, these differences are not used to distinguish between
maize and rice.
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Figure 5. Averaged NDV], red reflectance and near-infrared reflectance time-series curves for different
land cover types (a) and major crops (b). The shadows represent the range of mean + 1 times of the
standard error.

In short, the key temporal features of NDVI can be used to distinguish vegetation from
non-vegetation and crops from natural vegetation, while the key temporal features of red and
near-infrared reflectance can be used to distinguish between maize and rice. Furthermore, the training
samples were used to plot the frequency distribution of different land cover types in each period
(Figure 6), whereby the discrimination thresholds of features can be visually determined according to
the trough between the two different sample types (Figure 6a,b,d,e) or the statistics that nearly more
than 98% of the maize samples (Figure 6¢,f, Table 2).
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Figure 6. Frequency distribution of the training samples for different land cover types. B1-B6
correspond to the time windows in Figure 5. Red thick vertical lines show the locations of discrimination

thresholds in Table 2.

Table 2. The visually-determined discrimination thresholds for each metric in different periods.

Metric Period * DOY Phenophase Criterion Threshold
Vegetation types with a higher value are
NDVI Bl 193-257 Tasseling to milk stage distinguished from non-vegetation type Tp: 0.40
with a lower value
NDVI B 129-153 Early stage of tillering Crops with a lower Yalue are dls'tlgulshed T: 033
and shooting from natural vegetation with a higher value
NDVI B3 257-973 Early sta?ge of Maize .w1th a lowgr value is distinguished Ty: 057
maturation from rice with a higher value
Red reflectance B4 129-169 Early stag? of tillering Maize .w1th a higher value is distinguished T, 0.10
and shooting from rice with a lower value
Near-infrared B5 129-169 Early stagfe of tillering Maize 'w1th a higher value is distinguished Ts: 0.18
reflectance and shooting from rice with a lower value
Near-infrared B6 257265 Early sta.ge of Maize 'w1th a lowe.r value is distinguished Ty: 030
reflectance maturation from rice with a higher value

* B1-B6 correspond to the time windows in Figure 5.

3.3. Comparison of Different Features for Maize Identification

The single NDVI metric for maize identification was tested first, because NDVI synthesizes the red
and near-infrared reflectance. Through the analysis in Section 3.2, phenological features of NDVI in the
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B1-B3 time window (Figure 5, Table 2) could be used to identify maize. A decision tree classification
was adopted as the identification method, and the discriminant rules were as follows.

First, non-vegetation types (i.e., buildings and water) were excluded according to the higher
NDVI values of vegetation types (i.e., woodland, grassland, maize and rice) during the phenophase of
tasseling to milk of maize (DOY 193-257) with Formula (2):

B1: mean(NDV1193_257) >Tq (2)

Second, natural vegetation types (i.e., woodland and grassland) were excluded according to
the lower NDVI values of crops (i.e., maize and rice) during the early stage of shooting of maize
(DOY 129-153) with Formula (3):

B2: mean(NDVIlzg_153) <Ty (3)

Third, rice was excluded according to the lower NDVI values of maize in the early maturation
stage of maize with Formula (4):

B3: mean(NDVIz57_273) <T; (4)

As a comparison of the single NDVI metric with the multiple metrics (i.e., NDVI, red and
near-infrared reflectance), phenological features from the red and near-infrared reflectance were added
to identify maize, and the decision tree classification method was used for maize identification as well.

When the red reflectance features were added, the first two steps utilized the same discriminant
rules as the NDVI metric, but in the third step, the Formula (5) was added, that is, Formulas (4) and (5)
should be satisfied simultaneously in the third step, which would be considered as maize.

B4: mean(RED129_169) >Ty (5)

When the near-infrared reflectance features were added, the first two steps utilized the same
discriminant rules as the NDVI metric, but in the third step, the Formulas (5)—(7) were added; that is,
the third step should satisfy all of the Formula (4)—(7) at the same time, which would be considered
as maize.

B5: mean(NIR129_169) >Ts (6)

Bé: mean(NIR257_265) < T6 (7)

3.4. Comparison of Different Feature Extraction and Selection Methods for Maize Identification

The extraction and selection of features from the time-series data can be achieved with either
an unsupervised method (e.g., the PCA method based on statistics) or a supervised method (e.g.,
extracted phenological features based on prior knowledge). Tests were taken to verify which method is
more optimal for maize identification. The multi-metric phenological features introduced in Section 3.3
were adopted as the ones from the supervised method. The first several components from the
PCA method with their accumulated information greater than 95% were selected as the statistical
features for each time series (i.e., NDVI, red and near-infrared reflectance) during the maize growing
season. The maximum likelihood classification method was used to test and evaluate the two different
feature datasets.

3.5. Comparison of Different Classifiers for Maize Identification

Based on the multi-metric phenological features (B1-B6 in Section 3.3), two classifiers were tested
and compared. One is the maximum likelihood classifier, one of the most widely-used supervised
classification methods, and the other is the decision tree classification based on expert knowledge.
The decision tree was built with the criterions and thresholds in Table 2, and it is shown in Figure 7.
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Figure 7. The decision tree for maize identification.

3.6. Statistical Significance Test Among Different Comparisons

The study area was divided into six sub-regions according to the terrain and crop planting
structure (Figure 1). The identification accuracies (i.e., the overall, producer’s and user’s accuracy)
obtained by different identification schemes in each sub-region were calculated. The paired-by-two
t-test was conducted to determine whether there was a significant difference between the two compared
identification schemes among the six sub-regions. If the p value is equal or less than 0.05, it indicates a
significant difference between the two compared identification schemes.

4. Results

4.1. Identification Accuracy of Maize Based on Different Metrics

When the phenological features from the single NDVI metric were used to identify maize, the
producer’s accuracy was 100%, but the user’s accuracy was 70% (Item (1) in Table 3). The greater
producer’s accuracy than the user’s accuracy means that more other land cover types were falsely
identified as maize, since the producer’s accuracy indicates the probability that a certain category on
the ground is correctly classified by the cartographer, while the user’s accuracy indicates the probability
that a category in a classification result is correctly classified [35].

After adding phenological features from the red reflectance, the producer’s accuracy of maize
decreased by 1.43%, but the user’s accuracy increased by 6.67% (Item (2) in Table 3). After adding
phenological features from the near-infrared reflectance, the producer’s accuracy of maize kept
unchanged, while the user’s accuracy increased by 4.51% and reached to 81.18% (Item (3) in Table 3).
These results indicated that some other land cover types falsely identified as maize with the single
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NDVI metric were further excluded when adding the phenological features from the red and
near-infrared reflectance time series.

Table 3. Identification accuracy of maize based on different metrics.

Producer’s P User’s P Overall Kappa
* 0, 0,
Item  Features Type Accuracy/% Omission/% Accuracy/% Commission/% Accuracy/%  Coefficient

Maize 100.00 0.00 70.00 30.00
Rice 25.00 75.00 83.33 16.67

(1) B1-B3 81.74 0.7011
Natural vegetation 91.38 8.62 92.98 7.02
Non-vegetation 29.17 70.83 70.00 30.00
Maize 98.57 1.43 76.67 23.33
Rice 55.00 45.00 68.75 31.25

2 B1-B4 83.91 0.7407
Natural vegetation 91.38 8.62 92.98 7.02
Non-vegetation 29.17 70.83 70.00 30.00
Maize 98.57 143 81.18 18.82
Rice 55.00 45.00 52.38 47.62

3) B1-B6 . 83.91 0.7426
Natural vegetation 91.38 8.62 92.98 7.02
Non-vegetation 29.17 70.83 70.00 30.00

* B1-B6 corresponds to the time windows in Figure 5.

4.2. Identification Accuracy of Maize Based on Different Feature Datasets

With regard to the statistical features, the principal components from NDV], red and near-infrared
reflectance were extracted by the PCA method. It was found that their first principal component
contained more than 98% of the information of the time series in the whole growing season. Thus, the
first NDVI principal component, the first red reflectance principal component and the first near-infrared
reflectance principal component were selected as the statistical features for maize identification. As for
the supervised phenological features, B1-B6 introduced in Section 3.3 were selected.

The maximum likelihood classification was chosen for maize identification based on both the
unsupervised statistical features and supervised phenological features. The same training samples
were used to identify maize, while the same validation samples were used to evaluate their accuracies
(Table 4). Results showed that the producer’s accuracy for maize based on the supervised phenological
features was 14.29% higher, and the user’s accuracy was 11.26% higher than that of the statistical
features. There was a significant difference in the maize identification accuracies between the two
feature datasets according to the six sub-regions.

Table 4. Identification accuracy of maize based on different feature datasets.

Feature Producer’s s o User’s s o Overall Kappa
Item Datasets Type Accuracy/% Omission/% Accuracy/% Commission/% Accuracy/%  Coefficient

Maize 91.43 8.57 77.11 22.89
i Rice 40.00 60.00 100.00 0.00

a Phenological : 81.30 0.6883
features Natural vegetation 93.10 6.90 83.72 16.28
Non-vegetation 29.17 70.83 70.00 30.00
Maize 77.14 22.86 65.85 34.15
isti Rice 35.00 65.00 31.82 68.18

@ Statistical 69.13 0.5069
features Natural vegetation 77.59 22.41 78.26 21.74
Non-vegetation 33.33 66.67 72.73 27.27

4.3. Identification Accuracy of Maize Based on Different Classifiers

Based on the same phenological features (B1-B6 introduced in Section 3.3), the identification
accuracies of maize were compared between the decision tree classification and the maximum
likelihood classification. Results showed that the maize producer’s and user’s accuracy from the
decision tree classifier was 7.14% and 4.07% higher than that of the maximum likelihood classifier,
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respectively (Item (3) in Table 3 vs. Item (1) in Table 4), which indicated that the decision tree classifier
was more suitable for maize identification based on phenological features from multiple metrics.
Figure 8 shows the spatial distribution of maize identified with the decision tree classifier based
on the multi-metric phenological features. Maize was mainly distributed in the central plain area of
Liaoning province. A small amount of maize was distributed in the western hills. In the south-central
region near the north of the Bohai Bay, there was little amount of maize distributed, because the
sufficient water and heat resources in this region is more suitable for planting rice than maize.
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Figure 8. The spatial distribution of maize identified with the decision tree classifier from multi-metric
phenological features.

5. Discussion

5.1. Advantages of Phenological Features from Multiple Metrics in Identifying Maize

The identification accuracy of maize can be improved substantially when using multiple metrics
comparing with any single metric from NDVI, red or near-infrared reflectance. We found that more
other land cover types were falsely identified as maize when the phenological features from the single
NDVI metric were used to identify maize. However, these land cover types falsely identified as
maize can be further excluded when adding the phenological features from the red and near-infrared
reflectance time series. Multiple metrics may provide complementary information to improve crop
identification accuracy. For example, Brian et al. [11] investigated the general applicability of the
time-series MODIS enhanced vegetation index (EVI) and NDVI datasets for crop-related classification
in the U.S. Central Great Plains. Both the MODIS EVI and NDVI depicted similar seasonal variations
and were highly correlated among all crops. However, a few subtle but consistent differences between
the two VIs existed distinctly during the senescence. Xiao et al. [18] developed a paddy rice mapping
algorithm through using multi-metric features, including the time series of three indices (i.e., land
surface water index (LSWI), EVI and NDVI) derived from MODIS images, and reported a high accuracy
in mapping paddy rice fields in 13 provinces of southern China.

5.2. The Importance of Feature Extraction and Selection in Identifying Maize

Our results demonstrated the importance of feature extraction and selection in identifying maize.
The maize identification accuracies were significantly higher for the supervised phenological feature
datasets than those for the statistical feature datasets derived from the PCA method. As for the
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time-series data, typical phenological features of the land cover types in some particular periods are
usually selected as the classification features. For example, Jia et al. [36] reported that phenological
features such as the beginning and ending dates of the growing season, the length of the growing
season, the seasonal amplitude and the maximum fitted NDVI value had a statistically significant effect
on improving the land cover classification accuracy, particularly for vegetation type discrimination.
Methods based on the unsupervised feature extraction and selection from statistical information are
usually used in classifying land cover types [37,38]. The PCA method is generally used to extract
features, and many machine learning methods based on statistics, such as the random forest [39], can
be used in feature identification with considerable performance. Therefore, the PCA method can be
combined with these machine learning methods to extract and select features simultaneously.

5.3. Determination of the Matched Classifier Based on the Supervised Phenological Features in
Identifying Maize

The maize identification accuracies (i.e., the overall, producer’s and user’s accuracy) from the
decision tree classifier were all higher than those from the maximum likelihood classifier, which
indicated that the decision tree classifier based on expert knowledge was more matched for multiple
metrics phenological features based on prior knowledge extraction and selection to identify maize.
The determination of the optimal classifier depends on the data source in some way. Compared with the
maximum likelihood method, the decision tree classifier, which is independent of the distribution of
feature variables of training samples, is more suitable for the time-series data. Belward et al. [40]
compared the maximum likelihood classification and decision tree classification for crop cover
estimation with multi-temporal Landsat multiple spectral scanner (MSS) data, and suggested that the
decision tree may be a viable alternative to the maximum likelihood for the analysis of datasets with a
high dimensionality such as the multi-temporal data.

The determination of the optimal classifier depends on the classification features as well.
Phenological features extracted from the supervised method have a clear physical meaning and involve
some prior knowledge, which is more matched with the decision tree classifier based on the expert
knowledge. For example, Friedl et al. [41] concluded that the decision tree algorithms consistently
outperformed the maximum likelihood in regard to classification accuracy. Massey et al. [42] used a
decision tree approach based on phenology to hierarchically classify crop types over large areas for
long-term cropland monitoring successfully.

5.4. The Optimal Identification Method of Maize Based on Remote Sensing Time-Series Data and
Further Improvements

Based on the analysis of the differences of phenological features from multiple metrics among
land cover types, this study tested the selections and combinations of classification metrics, features
and classifiers. The results showed that the construction of discriminant rules from multi-metric
phenological features and the adoption of the decision tree classifier can maximize the maize
identification accuracy in the study area.

Potential improvements can be further considered for the proposed identification method of
maize. In view of the scale and crop planting structure of the study area, only the MOD09Q1
250-meter time-series red and near-infrared reflectance data were used in this study. Other remote
sensing data, such as Sentinel-2A with a 10-meter spatial resolution and more red edge bands, may
be more suitable for crop identification [43]. In addition, multi-source data can also be used to
improve crop identification accuracy. For example, synthetic aperture radar (SAR) data can be used to
extract or exclude rice at its transplanting stage [44]. We only tested NDVI in this study. However,
previous studies have shown that the enhanced vegetation index (EVI) can reduce the impact of soil
background reflectance and partly overcome the saturation of high density vegetation [45]. Therefore,
the time-series EVI may perform better than NDVI in identifying crop types. As for feature extraction
and selection, we only compared the supervised phenological features with the statistical features



Remote Sens. 2018, 10, 193 15 of 18

derived from the PCA method. Other unsupervised feature extraction and selection methods, such as
random forest [39], can be also considered. Since the supervised and unsupervised feature extraction
and selection methods have their own strengths, and they may be combined to improve the crop
identification performance. There were six thresholds involved in the identification of maize in this
proposed method. Each threshold may have an effect on the maize identification accuracy. Moreover,
the optimal combination of these thresholds may also affect the accuracy. Therefore, it will be very
helpful to develop a method and corresponding computer programs to search these optimal thresholds
automatically. Though the decision tree classifier achieved higher accuracy than the maximum
likelihood classifier in this study, support vector machine (SVM) [14], random forest [46] and other
machine learning classifiers [47,48] can be also tested to get an optimal combination of the main
classification processes in identifying maize.

It should be noted that this method was only tested in Liaoning province, indicating that it can be
successfully applied to Northeast China to identify spring maize. In particular, it has advantages in
distinguishing spring maize from rice. For other regions, the phenological features may be adjusted
according to different planting structures. For example, there is no need to consider the transplanting
period for the planting structure of winter wheat and summer maize in Shandong province because of
the absence of rice. For other regions with a different climate and planting structures of crops, planting
division of maize should be first carried out according to the topography and geomorphology (e.g.,
plains, hills and mountains), planting structure and sown area of maize. Then, for each region, the
differences of phenological features from multiple metrics among land cover types could be analyzed,
and an optimal identification method for maize could be summarized through the selection and
combination of suitable metrics, features and classifiers.

6. Conclusions

Taking Liaoning province, a representative planting region of spring maize in Northeast China,
as an example, the differences in multiple metrics (i.e., NDVI, red and near-infrared reflectance time
series from MODIS in 2015) among different land cover types in the key phenophases of maize were
analyzed. Through testing the selections and combinations of classification metrics, features and
classifiers, a new identification method for spring maize based on spectral and phenological features
was proposed. The main conclusions are as follows.

Although NDVI integrates the red and near-infrared reflectance, the phenological features in the
NDVI time series between maize and rice had little differences in Liaoning province. However, large
differences between maize and rice existed in the red and near-infrared reflectance time series.

The identification accuracy of maize can be improved substantially when using multiple metrics
comparing with any single metric from NDVI, red or near-infrared reflectance. Moreover, the
phenological feature datasets are very important to the improvement of the maize identification
accuracy, as demonstrated in this study that the supervised selection based on prior knowledge were
superior to the statistical feature datasets from the unsupervised selection based on the PCA method
for the identification of maize. Furthermore, compared with the maximum likelihood classifier, the
decision tree classification method based on expert knowledge was more matched for the identification
of maize with phenological features.

The construction of discriminant rules from multi-metric phenological features and the adoption
of the decision tree classifier can maximize the maize identification accuracy. This method can be
successfully applied to Northeast China to identify spring maize. In particular, it has advantages in
distinguishing spring maize from rice. As for other planting regions of maize, planting division of
maize is suggested to be carried out first, and then the key phenological phases and corresponding
discrimination thresholds should be adjusted according to the regional characteristics to achieve an
optimal identification accuracy of maize. This method provides a way to extract crops over a large scale,
which can be further localized to other crops such as rice and wheat in other regions. That is, extracting
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multi-metric phenological features from time-series data at first, then confirming the key phenophases
and their thresholds, and finally constructing the discriminant rules to extract the target crop.
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