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Abstract: Crop phenology is an important parameter for crop growth monitoring, yield prediction,
and growth simulation. The dynamic threshold method is widely used to retrieve vegetation
phenology from remotely sensed vegetation index time series. However, crop growth is not only
driven by natural conditions, but also modified through field management activities. Complicated
planting patterns, such as multiple cropping, makes the vegetation index dynamics less symmetrical.
These impacts are not considered in current approaches for crop phenology retrieval based on the
dynamic threshold method. Thus, this paper aimed to (1) investigate the optimal thresholds for
retrieving the start of the season (SOS) and the end of the season (EOS) of different crops, and (2)
compare the performances of the Normalized Difference Vegetation Index (NDVI) and Enhanced
Vegetation Index (EVI) in retrieving crop phenology with a modified version of the dynamic threshold
method. The reference data included SOS and EOS ground observations of three major crop types
in 2015 and 2016, which includes rice, wheat, and maize. Results show that (1) the modification
of the original method ensures a 100% retrieval rate, which was not guaranteed using the original
method. The modified dynamic threshold method is more suitable to retrieve crop SOS/EOS because
it considers the asymmetry of crop vegetation index time series. (2) It is inappropriate to retrieve SOS
and EOS with the same threshold for all crops, and the commonly used 20% or 50% thresholds are not
the optimal thresholds for all crops. (3) For single and late rice, the accuracies of the SOS estimations
based on EVI are generally higher compared to those based on NDVI. However, for spring maize and
summer maize, results based on NDVI give higher accuracies. In terms of EOS, for early rice and
summer maize, estimates based on EVI result in higher accuracies, but, for late rice and winter wheat,
results based on NDVI are closer to the ground records.

Keywords: crop phenology; time series; crop development; data smoothing; land surface phenology;
vegetation index; NDVI; EVI

1. Introduction

Crop phenology refers to seasonal and recurring crop developments, such as emergence, greening,
jointing, heading, grouting, maturity, and more [1]. Crop phenological information is of great
importance for agricultural production management and decision-making [2,3]. It is also an important
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parameter for crop growth monitoring, yield prediction, and crop growth modeling using process-driven
models [4]. Information about phenology provides important parameters to extract the crop planting
area and the crops’ response to climate change [5,6].

Agro-ecosystems are ecosystems that are strongly affected by natural conditions and human
activities [7]. Therefore, any changes in crop phenology are closely related to climate change and
human activities, which makes it an important indicator of changes in terrestrial systems. Accurate
retrieval of crop phenology information also contributes to scientific research in global climate change,
global carbon balance, ecological processes evolution, and more [8].

Currently, crop phenological information is mainly derived through three methods.
(1) Ground observation. Ground observations depend on direct human observations and can be

considered reference data. Specialists, as well as interested volunteers (citizen science), record crop
growth and development information at the field level. The advantages of direct observations are rooted
in their simplicity, high precision, and long-time span [9,10]. However, this method is labor-intensive
and only a limited number of observation stations exist providing continuous observations. Moreover,
the relatively small coverage and uneven spatial distribution of networks make it difficult to monitor
crop phenology at a large scale with fine spatial resolution [11].

(2) Retrieval from web camera networks. More recently, near-surface remote sensing techniques
have been developed to monitor the growth and development of vegetation at canopy to landscape
levels [12]. In the United States, for example, the PhenoCam network has been constructed based on
high-resolution digital cameras at more than 200 sites. The network generates continuous high spatial
and temporal resolution imagery and allows analysis of vegetation phenological information with
high accuracy [13–15]. Despite its merits, the limited monitoring scope makes it difficult to be applied
at continental or global scales.

(3) Retrieval from satellite time-series data. Satellite remote sensing technology has been
investigated and practiced successfully in retrieving vegetation phenology based on remotely sensed
vegetation index (VI) time-series data at large scales [16,17]. Vegetation index time series are good
indicators reflecting the dynamics of vegetation growth and vegetation coverage, such as the Normalized
Difference Vegetation Index (NDVI) and the Enhanced Vegetation Index (EVI). These two simple
indices have become the most commonly used data sources for retrieving vegetation phenology. Up to
now, the most important and well-studied phenological parameters include the start of the season
(SOS), the end of the season (EOS), and the peak of the season (PS) [18,19]. The advantage of this
method is that vegetation phenological information can be continuously monitored at regional to global
scales. Suitable data sets the date back to the 1980s. On the downside, it must be noted that the earth
observation (EO) derived indicators do not directly infer crop development stages (in sensu stricto),
but are, instead, monitoring crop growth, which is not always closely linked to key developmental
events [20]. For this reason, the scientific community generally refers to LSP (land surface phenology)
when EO-based techniques are used [21].

On an operational basis, global phenological information is currently produced from
MODerate-resolution Imaging Spectroradiometer (MODIS) observations within the global land
cover dynamics product (MLCD) issued by the National Aeronautics and Space Administration of the
United States (NASA) [22]. However, input data quality and retrieval methods lead to uncertainties in
this product, and its accuracy remains to be validated globally.

Among all vegetation phenological parameters, the start of the season (SOS) and the end of
the season (EOS) are the most important. Other parameters such as length of season etc. are
derived from SOS and EOS [23]. At present, a variety of methods have been developed to extract
vegetation phenological parameters from vegetation index time series, including the fixed threshold
method [24,25], the dynamic threshold method [26,27], the moving average method [28,29], the function
fitting method [30,31], the maximum-slope method [32], and the valley detection method [16,33].
Among these methods, key advantages of the dynamic threshold method are that less parameters are
needed, while the method eases applicability and guarantees high accuracy. For those reasons, the
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dynamic threshold method is among the most commonly used methods for retrieving vegetation SOS
and EOS.

When using the dynamic threshold method, many studies use either the 20% threshold [34–36]
or the 50% threshold [10,19,37]. Currently, most studies on crop phenology research use the same
thresholds across various crops and geographies. For example, Ren et al. [18] used the 20% threshold
to retrieve wheat SOS and EOS in the major wheat growing regions of the world. In their study,
they used EVI time series data from 1981 to 2014 and studied their responses to climate change at a
global scale. Guo et al. [38] used NDVI time series from 1993 to 2008 to retrieve the SOS of winter
wheat in China with the 20% threshold. The study also compared spatio-temporal trends based on
ground observations and remote sensing data. Alcantara et al. [39] used the dynamic threshold method
to extract land surface phenology (including SOS and EOS with 20% threshold). It was found that
phenology metrics can help map abandoned agriculture. Wu et al. [40] used NDVI time series to
retrieve both the start and end of the season dates for crops in China with the 20% threshold, and then
analyzed the spatial pattern of cultivated land phenology in China.

Clearly, compared to natural vegetation, crop growth is not only driven by natural (climate)
conditions, but also modified through field management activities [5,41]. Hence, anthropogenic
influences have to be considered. Moreover, multiple growth cycles can be completed during one
calendar year [42,43]. This may lead to complicated planting patterns and interfering growth patterns
within mixed pixels. Taking China as an example, there are not only different cropping cycles such as
single cropping, double cropping, and triple cropping, but, at the same time, different crop rotations
and varied intercropping practices. Therefore, it is far more difficult to retrieve crop phenology in
agricultural systems compared to less human-impacted ecosystems. Unmixing approaches have been
proposed to decouple the mixed signal of several crops within mixed pixels, but have their own
limitations [44].

Although a large number of studies have used the dynamic threshold method to extract crop
phenological parameters, there are relatively few studies focusing on the following questions.

1. Are the commonly used 20% or 50% thresholds suitable for retrieving crop SOS and EOS?
2. Is it feasible to use the same threshold to retrieve SOS and EOS in cropland with multiple cropping,

since the time series of VIs of each growing season are always asymmetrical?
3. Are there index-specific differences between the LSP parameters retrieved from NDVI and EVI

time series?

To fill this research gap, this paper attempted to identify the most suitable vegetation index time
series for retrieving crop phenology based on a modified dynamic threshold method and to evaluate
which threshold is optimal. Decisions were taken based on a comparison against ground observations
as a reference. We first defined SOS and EOS dates of three major crops (rice, wheat, and maize) from
2015 to 2016 using ground records. Then, for the same period, smoothed and gap-filled MODIS NDVI
and EVI time series were calculated. Based on the pre-processed time series, the dynamic threshold
method was modified to ensure a 100% retrieval rate. Then the improved dynamic threshold method
was used to retrieve crop SOS and EOS from NDVI and EVI time series with different thresholds.
Lastly, the crop-specific optimal thresholds for retrieving SOS and EOS and the performances of NDVI
and EVI were evaluated.

2. Data

2.1. Ground Observation Data

The ground observation data were derived from the China Meteorological Administration (CMA)
and the Chinese Ecosystem Research Network (CERN). The data from CMA contains the field records of
crop growth and development status observed by China’s agrometeorological stations since September
1991. The specific contents include, among others, crop name, the name of the crop development
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stage and its date, the anomaly of the development stage, and the degree of the development stage.
Supported by the Chinese Academy of Sciences, CERN was established in 1988 to monitor water, soil,
atmosphere, biology, energy flow, and other important ecological processes of various ecosystems in
China under unified rules. It consists of 16 agriculture ecosystem stations, 11 forest ecosystem stations,
three grassland ecosystem stations, and seven desert, ocean, lake, swamp, and urban ecosystem stations
and research centers. The ground observation data used in this paper were from CERN farmland
ecosystem stations.

The CMA data recorded the detailed phenological period of crops, including rice, wheat, maize,
cotton, rapeseed, and more. The CERN data recorded the major phenological periods of crops,
including rice, wheat, maize, etc. For rice and wheat, the recorded green-up dates were selected
as a proxy to evaluate SOS retrieval accuracy. However, for maize, only the three-leaf date records
were relatively complete. Observations of the five-leaf date and the seven-leaf date were inconsistent.
Therefore, we had to use the three-leaf date to evaluate the retrieved SOS of maize. To evaluate the
accuracy of the retrieved EOS, the maturity date of each crop was selected. To ensure that there were
enough observations as reference data, both records from CMA and CERN in 2015 and 2016 were
jointly used. Averaged dates were calculated and used for stations with multiple records of the same
crop. However, since the CERN data did not record maize three-leaf date, the reference data for
assessing maize SOS were only from CMA records.

The spatial distribution of the observation stations is shown in Figure 1 and the number of
available observation data for each crop is shown in Table 1. Note that observations in areas with
strong noise in the VI time series were excluded to ensure the representativeness and quality of the
field reference samples.Remote Sens. 2019, 11, 2725 5 of 22 
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Table 1. Number of available reference data for each crop.

Crop Types Cropping Types Number of SOS
Reference Data

Number of EOS
Reference Data

Single rice Single cropping 16 35
Early rice First crop in double cropping 11 10
Late rice Second crop in double cropping 13 15

Winter wheat First crop in double cropping 36 36
Spring maize Single cropping 47 54

Summer maize Second crop in double cropping 25 34

2.2. Remote Sensing Data

Remote sensing data were downloaded from the Land Processes Distributed Active Archive Center
(LP DAAC) website (https://lpdaac.usgs.gov/), including the MOD09A1 and MOD09Q1 products from
2015 to 2016. The time resolution of both products is eight days. The spatial resolution of MOD09A1 is
500 meters. It contains reflectance data of seven bands. The spatial resolution of MOD09Q1 is 250
meters, only containing red and near-infrared reflectance bands.

NDVI time series at 250 m spatial resolution was calculated using the red and near-infrared bands
from the MOD09Q1 (Equation (1)). To compute EVI (Equation (2)), the blue band from MOD09A1 was
resampled to 250 meters using the bilinear interpolation.

NDVI =
ρNIR − ρR

ρNIR + ρR
(1)

EVI =
2.5(ρNIR − ρR)

ρNIR + 6.0ρR − 7.5ρB + 1
(2)

where ρNIR, ρR, and ρB represent the reflectance of the near-infrared, red, and blue bands, respectively.
Although MOD09A1 and MOD09Q1 products contain the best observations within the eight-day

compositing periods to eliminate the effects of clouds and the atmosphere, noise in the data has not
been completely eliminated. To remove the remaining noise and to smooth the curves, the NDVI and
EVI time series were filtered before retrieving crop SOS and EOS [45]. First, noisy observations in
NDVI and EVI were detected according to the quality file contained in the products. Data with poor
quality were substituted with the linear interpolation of its predecessor and successor. After that, the
synthesized time-series data was filtered by Changing-Weight Filtering (CW) [46]. Only the processed
NDVI and EVI time series were used for a subsequent calculation and analysis.

3. Methods

3.1. The Dynamic Threshold Method

The dynamic threshold method was first proposed by White et al. [27]. The method is also known
as the local threshold method. The approach was further developed by Jönsson et al. [26,47] and
implemented into TIMESAT software.

A diagrammatic sketch of the original method is shown in Figure 2a, where c is the maximum VI
value within the growing season, a is the minimum VI value on the left side of c, b is the minimum
value on the right side of c, and d is the average of the left minimum and the right minimum.

https://lpdaac.usgs.gov/
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Figure 2. Illustration of the dynamic threshold method before (a) and after modification (b), x-axis
represents Day of Year (DOY), and y-axis represents the Vegetation Index (VI). Instead of using a
single VI dynamic range, the modified algorithm distinguishes between ascending and descending
growth curves.

In the original method, the amplitude of the growing season (g) is defined as the difference
between c and d. Usually, a user-defined amplitude threshold VIthd is preset (e.g., 20%). SOS is then
defined as the first date that the corresponding VI is greater than a + VIthd ∗ g on the left side, and EOS
is defined as the first date that the corresponding VI is smaller than b + VIthd ∗ g on the right side of the
maximum. The formula is shown in Equation (3).{

VISOS ≥ a + VIthd ∗ g
VIEOS ≤ b + VIthd ∗ g

}
(3)

Since VI index time series of crops tend to be highly asymmetrical, especially when multiple
growing seasons are present, the use of Equation (3) often fails to obtain reliable SOS or EOS, especially
when a large difference between the left (a) and the right minimum (b) exists. On the side with the
higher minimum, the retrieval of SOS or EOS is likely to fail. Therefore, a+VIthd ∗ g or b+VIthd ∗ g will
be greater than the maximum VI (c). This will inevitably lead to the failure of detecting a corresponding
VI value, and make it impossible to obtain correct SOS or EOS values.

To solve this problem, this paper improved the dynamic threshold method.
We canceled the base value (d) and instead propose using two different amplitudes when retrieving

SOS and EOS (g1 and g2, Figure 2b). The amplitude used in the retrieval of SOS is the difference
between c and the minimum VI value on the left side (a), as shown by g1 in Figure 2b. Correspondingly,
the amplitude used in retrieving EOS is the VI maximum value of the growing season (c) minus the VI
minimum value of the right side (b), as shown by g2. The calculations of SOS and EOS thresholds are
summarized in Equation (4). {

VISOS ≥ a + VIthd ∗ g1

VIEOS ≤ b + VIthd ∗ g2

}
(4)

The modification ensures that the following conditions are always met: VIthd ≤ 100%, VISOS ≤ c
and VIEOS ≤ c. This guarantees that the modified algorithm always finds the corresponding VISOS and
VIEOS. Therefore, the failure in retrieving SOS or EOS can be avoided.

3.2. Validation of the Improved Dynamic Threshold Method

To evaluate the applicability of the improved method, we introduced the success rate B. As shown
in Equation (5), the larger the B value, the higher the number of successful retrievals.

B =
m
M
× 100% (5)
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In the formula, m is the sum of the growing season number of samples whose SOS or EOS can be
successfully retrieved, and M is the sum of the growing season number of all samples.

3.3. Accuracy Assessment of the Retrieved Phenology

Three indicators were used to evaluate the accuracy of the retrieved phenological parameters
with respect to the reference measurements [42,48] Equations (6)–(8): Coefficient of determination
(R2), Root Mean Square Error (RMSE), and BIAS. R2 reflects the consistency and linear correlation
between the retrieved SOS or EOS and the reference data. The closer the R2 is to 1, the higher the
consistency between them. RMSE is the average error between the retrieved results and the reference
data measured along the 1:1 line. A smaller RMSE means a higher accuracy of the retrieved result.
BIAS is defined as the number of days that the retrieved SOSs or EOSs deviate from the ground
observations. A smaller absolute value of BIAS indicates a higher accuracy of the retrieved results.

R2 =
cov

(
Ŷ, Y

)2

var
(
Ŷ
)
var(Y)

(6)

RMSE =

√∑N
i=1 (Ŷi −Yi)

2

N
(7)

BIAS =

∑N
i=1 (Ŷi −Yi)

N
(8)

In Equations (6)–(8), Ŷi is the retrieved SOS or EOS of the i th sample, and Yi is the corresponding
reference SOS or EOS. N is the number of samples. If Ŷi −Yi is greater than 0, it will be recorded as 1,
and if Ŷi − Yi is smaller than 0, it will record as -1. cov(Ŷ, Y) represents the covariance between the
retrieved phenology and the reference phenology. Var(Ŷ) and Var(Y) represent the variance of the
retrieved phenology and the reference phenology, respectively.

4. Results

4.1. Comparison of the Original and the Improved Dynamic Threshold Method

As a baseline, we used the 20% amplitude threshold to retrieve crop SOS and EOS based on
MODIS NDVI time series. When evaluating the performance of the improved method (e.g., when
calculating the success rate B of retrieval results), we counted all samples. However, when calculating
the accuracies of the estimates against the field observations, we only use those samples that were
successfully retrieved by the original method. In this way, the samples used to evaluate the retrieval
accuracies of the two methods are identical. It ensures the comparability of the two methods. The
retrieval results before and after the modifications of the algorithm are shown in Figures 3 and 4,
respectively. The success rate of crop SOS and EOS of the original approach (e.g., before improvement)
is between 90% and 100%. After the modification, SOS and EOS of all samples can be successfully
retrieved. This improvement can be particularly well seen for crops with complex background
conditions such as single rice and double rice. For single rice, the success rate of SOS increased from
96.7% to 100%, and the successful retrieval rate of EOS increase from 90.2% to 100%. For other crops,
the success rate of SOS and EOS are also improved to some extent. In addition, for most crops, the
retrieval accuracy of SOS and EOS slightly improves. The RMSE of the retrieved SOS of early rice
decreases from 19.8 to 18.7 days, and the RMSE of its retrieved EOS decreases from 16.6 to 15.5 days.
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For most crops, the differences between BIAS of the retrieved SOS and EOS are large. For winter
wheat, the BIAS of SOS is 17.5 days. In addition, for spring maize, the BIAS of EOS is 53.1 days.
This indicates that the 20% threshold is not the optimal threshold for retrieving SOS and EOS of all
crops, and there is still room for accuracy improvement. Moreover, it is inappropriate to use the same
threshold to retrieve SOS and EOS for crops. For example, the retrieval accuracy based on the 20%
threshold of late rice SOS is comparatively higher than that of EOS. Based on a 20% threshold, the
RMSE of the retrieved SOS of late rice is 13.6 days, but the RMSE of the retrieved EOS of late rice is
36.4 days. To improve the retrieval accuracy, it is recommended to use different thresholds to retrieve
SOS and EOS for the same crop.

4.2. The Optimal Thresholds for Retrieving SOS

To determine the crop-specific optimum thresholds for SOS retrievals, we gradually adjust the
threshold by steps of 5% from 0% to 35% for each of the crops. The retrieved SOS based on MODIS
NDVI time series was then used to calculate the accuracy of the retrieved SOS under different thresholds
(Figure 5). For all crops, as the threshold gradually increases, the values of BIAS decrease toward a
minimum before increasing again. Except late rice, the values of R2 increase as the threshold increases.
As for single rice, early rice and spring maize, their RMSE decrease as the threshold increases. However,
for winter wheat and summer maize, their RMSE increase as the threshold increases. Therefore, for
single rice and late rice, the optimal threshold to retrieve SOS is 20% and 25%, respectively. For early
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rice and spring maize, the optimal threshold is approximately 30%, while, for summer maize and
winter wheat, the optimal thresholds are around 10%.Remote Sens. 2019, 11, 2725 10 of 22 
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The most suitable threshold interval was further fine-tuned in steps of 1% to detect the optimal
threshold. The optimal threshold for retrieving SOS of each crop is shown in Table 2. Among the six
crops, the optimal threshold of spring maize and early rice are the highest at 31% and 30%, respectively.
The optimal threshold of summer maize and winter wheat are the lowest at 1% and 9%, respectively.
The optimal threshold of single rice and late rice are 20% and 25%, respectively. Among the different
crops, the accuracy of the retrieved SOS of summer maize is the highest, with R2 of 0.68, RMSE of
8.1 days, and BIAS of 1.7 days. On the contrary, the accuracy of the retrieved SOS of early rice is the
lowest, with R2 of 0.79, RMSE of 17.9 days, and BIAS of 0.1 days.
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Table 2. Crop-specific optimal thresholds for retrieving the start of the season (SOS) based on
Normalized Difference Vegetation Index (NDVI).

Crop Types Number of Samples VIthd R2 RMSE (DAYS) BIAS (DAYS)

Single rice 16 20% 0.51 14.7 3.6
Early rice 11 30% 0.79 17.9 0.1
Late rice 13 25% 0.40 14.6 −1.1

Winter wheat 36 9% 0.41 15.3 2.4
Spring maize 47 31% 0.52 14.3 0.3

Summer maize 25 1% 0.68 8.1 1.7

4.3. The Optimal Thresholds for Retrieving EOS

The optimization procedure for EOS was the same as that of SOS, but the pre-selected threshold
range was from 0% to 35% for early rice and winter wheat, respectively, and the range was from 40% to
75% for the other crops. The results are shown in Figure 6. For most crops, as the threshold gradually
increases, the R2 increases first and then decreases. At the same time, the other statistics show the
opposite trend. Only for early rice, the R2 gradually decreases and never exceed 0.2. For single rice,
spring maize, and summer maize, the optimal threshold is between 60% and 70%. For late rice, the
optimal threshold is about 50%. For winter wheat and early rice, the optimal threshold is less than
30%, especially for early rice, which is approximately 0%.

The statistics of crop-specific optimal thresholds for retrieving EOS are shown in Table 3. Among
the six crops, the optimal threshold for spring maize, early rice, and summer maize are very high
at 69%, 66%, and 65%, respectively. The optimal threshold for early rice and winter wheat were the
lowest at 0% and 27%, respectively. In addition, the optimal threshold for late rice is 51%. The accuracy
of the retrieved EOS of winter wheat is the highest, with R2 of 0.47, RMSE of 7.9 days, and BIAS of 1.1
days. On the contrary, the accuracy of the retrieved EOS of single rice is lowest, with R2 of 0.92, RMSE
of 13.9 days, and BIAS of 0.5 days.

Table 3. The optimal threshold for retrieving the end of the season (EOS) of each crop based on
Normalized Difference Vegetation Index (NDVI).

Crop Types Number of Samples VIthd R2 RMSE (Days) BIAS (Days)

Single rice 35 66% 0.92 13.9 0.5
Early rice 10 0% 0.15 11.2 0.3
Late rice 15 51% 0.99 10.7 −0.5

Winter wheat 36 27% 0.47 7.9 1.1
Spring maize 54 69% 0.18 11.1 2.1

Summer maize 34 65% 0.27 11.4 −0.2

4.4. Comparison of the Retrieved SOS and EOS Based on NDVI and EVI

To compare the performance of NDVI and EVI in retrieving crop phenology, we obtain the SOS
and EOS for each crop with the same procedure described above. The results of SOS and EOS are
shown in Figures 7 and 8, respectively. Except single rice, the optimal thresholds for retrieving SOS
from NDVI are all slightly greater than that from EVI. In addition, for single rice and late rice, accuracies
of the retrieved SOS from EVI are higher than their counterparts from NDVI. However, for spring
maize and summer maize, accuracies of the SOS derived from NDVI are higher than the accuracies
derived from EVI. For early rice and winter wheat, accuracies between SOS obtained from NDVI and
EVI show no significant differences.
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(SOS) based on Normalized Difference Vegetation Index (NDVI) (green) and Enhanced Vegetation
Index (EVI) (blue). (a) The optimal threshold (VIthd), (b) Coefficient of determination (R2), (c) Root
Mean Square Error (RMSE), (d) BIAS.

In terms of EOS, for most crops practiced in double cropping (early rice, late rice, winter wheat,
and summer maize), the optimal thresholds based on NDVI are close to those based on EVI. However,
for crops planted in single cropping (single rice and spring maize), the optimal thresholds for retrieving
EOS based on NDVI are comparatively higher than those based on EVI by approximately 10%. For
single rice, late rice, and winter wheat, accuracies of the retrieved EOS based on NDVI are higher than
the retrieved EOS based on EVI. Especially for single rice, R2 significantly increased when NDVI is
used. For early rice and summer maize, however, accuracies of EOS obtained from EVI are higher than
their counterpart from NDVI.
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5. Discussion

5.1. Comparison of the Optimal Thresholds for Different Crops

As expected, the optimal SOS thresholds for crops planted in single cropping, and for the first
crops of double cropping, are generally higher than those of other crops. Similarly, for EOS, the optimal
thresholds for crops planted in single cropping, and the second crop of double cropping, are generally
higher than those of other crops. This interesting phenomenon is rooted in the principle of the method
itself. Indeed, the left or right minimum VI under those conditions are usually found during the winter
months of January or December. During winter, usually extremely low vegetation cover is observed
and the vegetation index is generally much lower compared to the rest of the year. Therefore, the
threshold has to be relatively high to counterbalance the higher dynamic range in those situations (g1

and g2 in Figure 2b). For the other crops, however, the left minimum and the right minimum are the
harvest period of the first crop. Crop maturity of the first crop and the emergence of the second crop
are close to this point, which leads to smaller optimum threshold values. An example confirming
this interpretation is shown in Figure 9 with the NDVI time-series of two ground stations: (a) single
cropping with spring maize, and (b) double cropping of early rice-late rice.
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Figure 9. Representative Normalized Difference Vegetation Index (NDVI) time series curves of (a)
spring maize and (b) early rice-late rice.

5.2. Comparison of the Optimal Threshold Based on NDVI and EVI

According to Figures 7 and 8, the optimal thresholds for retrieving SOS based on NDVI are
generally slightly higher than those based on EVI. Moreover, for crops planted in single cropping
(such as single rice and spring maize), the optimal threshold to retrieve EOS based on NDVI were
significantly higher than those based on EVI. Taking single rice as an example, the optimal threshold for
retrieving EOS based on NDVI is 66%, while the optimal threshold based on EVI is 57%. This finding
mainly relates to the shape and amplitude of NDVI and EVI time series. Figure 10 shows an example
of the NDVI and EVI time series of two stations for (a) single rice and (b) winter wheat-summer maize.
As shown in Figure 10a, the amplitude and slope of NDVI time series are larger than the ones of the
EVI time series in the growing season. Therefore, the optimal threshold for retrieving EOS needs to
be larger. On the contrary, for SOS, the observation date is located at the position where the slope
rises. Hence, there is little difference in the optimal threshold for retrieving SOS based on NDVI and
EVI. In addition, as shown in Figure 10b, compared with the single-growing crops, the differences in
shape and amplitude between NDVI and EVI time series of double-cropping are smaller. Therefore,
the differences between the optimal thresholds for retrieving SOS and EOS from NDVI and EVI are
also smaller.
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Figure 10. Differences of the retrieved the start of the season (SOS) and the end of the season (EOS)
based on Normalized Difference Vegetation Index (NDVI) (in green) and Enhanced Vegetation Index
(EVI) time series (in blue) with (a) single rice and (b) winter wheat-summer maize.
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5.3. Comparison of the Retrieval Accuracy Based on NDVI and EVI

The accuracies of the SOS results for single rice and late rice based on EVI are generally higher
compared to NDVI. However, for spring maize and summer maize, we obtain opposite findings. In
terms of EOS, for early rice and summer maize, results based on EVI have higher accuracy, but, for
late rice and winter wheat, results based on NDVI are closer to the ground records. As an example,
Figure 11 shows the NDVI and EVI time series from (a) a single rice station and (b) a spring maize
station. As shown in Figure 11a, compared with NDVI, EVI has stronger anti-interference ability for the
soil background, and is less influenced by noise. For low spatial resolution data (such as MODIS), most
of the corresponding pixels in paddy rice fields are mixed pixels, which are often seriously affected
by the surrounding land cover. Therefore, the phenology retrieval accuracy based on EVI is higher
when compared to NDVI. However, as shown in Figure 11b, NDVI is more sensitive to chlorophyll
than EVI, which leads to a larger growth amplitude that permits us to monitor vegetation growth
more sensitively. When using remote sensing data of higher spatial resolution, the phenology retrieval
accuracy of some crops based on NDVI may be higher [49,50].
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5.4. Accuracy with Respect to Field Observations

Even using crop-specific optimal thresholds and vegetation indices, for single rice, late rice, spring
maize, and summer maize, there are still comparatively large differences (RMSE greater than 10 days)
between the satellite-based land surface phenology and the ground observations for SOS and EOS.
Three main reasons are likely responsible for these findings.

(1) The spatial resolution of MODIS data is rather coarse with respect to the field size, which leads to
mixed pixel effects [51]. However, since the monitoring of vegetation phenology requires high
temporal resolution, this limitation has to be accepted since few other sensors offer daily revisit
capacity. However, as a consequence, the retrieval accuracy in small fields is low, especially in
the south of China where the proportion of cultivated land is small, and the weather is usually
cloudy and rainy.

(2) Farmland ecosystems are strongly affected by human activities. Compared with natural vegetation,
crop growth and development are affected by field management, breeding measures, use of
different crop varieties, and varying planting patterns. Consequently, the resulting growth pattern
and time series curves are more complex, and the retrieval accuracy is relatively lower when
compared to forests and other natural vegetation types.

(3) The scale differences between ground observations (point measurements) and the remote sensing
data are huge and the two measurements do not record the same phenomenon. While the ground
observation stations record the growth and development periods of individual fields (e.g., key
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phenological events), the remote sensing data mainly monitors the growth in biomass and leaf
area index (LAI), i.e., the land surface phenology, at a much coarser scale [52].

6. Conclusions

Crop phenology is not only high on the academic agenda, but also of great practical importance.
In order to investigate crop phenology accuracy based on the dynamic threshold method, we first
improved the method to ensure a 100% retrieval rate. Only thereafter, the optimal crop-specific
thresholds to retrieve the start of the season (SOS) and the end of the season (EOS) were determined
based on ground observations, and the accuracy of the satellite-based estimates was assessed. In this
respect, the performances based on Normalized Difference Vegetation Index (NDVI) and Enhanced
Vegetation Index (EVI) were compared. From this study, the following conclusions are drawn.

(1) The modified dynamic threshold method based on the proposed two growth amplitudes improves
the retrieval success rate of SOS and EOS for crops, while maintaining or slightly improving the
retrieval accuracy compared to the original method. It is, therefore, recommended to distinguish
between pre-peak and post-peak periods when using the threshold method.

(2) It is not appropriate to use identical thresholds to retrieve crop SOS and EOS. In particular, the
commonly used 20% or 50% thresholds are not optimal for all crops. Moreover, large crop-specific
differences for retrieving SOS and EOS for different crops and different cropping patterns have
been observed. This leads to the recommendation that the crop type and the cropping pattern
have to be determined prior to the land surface phenology (LSP) analysis, to permit application
of crop-specific thresholds and to ensure optimum results.

(3) As for SOS of single and late rice, the accuracies of the results based on EVI are slightly higher
than those based on NDVI. However, for spring maize and summer maize, we obtain opposite
findings. In terms of EOS, for early rice and summer maize, results based on EVI come with
higher accuracy, but for late rice and winter wheat, results based on NDVI are closer to the
ground records. These inconclusive results warrant more research, possibly including sites in
other eco-regions. Whatever vegetation index is used, we recommend to carefully filter and
smooth the data before analysis.
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