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Abstract Crop phenology retrieval in the double-crop-
ping area of China is of great significance in crop yield
estimation and water management under the influences of
global change. In this study, rice phenology in Jiangsu
Province, China was extracted from multi-temporal
MODIS NDVI using frequency-based analysis. Pure
MODIS pixels of rice were selected with the help of TM
images. Discrete Fourier Transformation (DFT), Discrete
Wavelet Transformation (DWT), and Empirical Mode
Decomposition (EMD) were performed to decompose time
series into components of different frequencies. Rice
phenology in the double-cropping area is mainly located
on the last 2 IMFs of EMD and the first 2‒3 frequencies of
DFT and DWT. Compared with DFT and DWT, EMD is
limited to fewer frequencies. Multi-temporal MODIS
NDVI data combined with frequency-based analysis can
retrieve rice phenology dates with on average 79% valid
estimates. The sorting result for effective estimations from
different methods is DWT (85%)>EMD (80%)>DFT
(74%). Planting date (88%) is easier to estimate than
harvesting date (70%). Rice planting date is easily affected
by the former cropping mode within the same year in a
double-cropping region. This study sheds light on under-
standing crop phenology dynamics in the frequency
domain of multi-temporal MODIS data.

Keywords discrete Fourier transformation, discrete
wavelet transformation, empirical mode decomposition,
rice phenology, double-cropping

1 Introduction

Recent modeling results suggest that climate change may
potentially threaten food security in the near future
(Schmidhuber and Tubiello, 2007; Lobell et al., 2008).
In order to forecast regional changes in food supply in the
face of climate change, accurate and timely methods of
crop yield monitoring are needed. One key component of
crop yield estimation is crop phenology monitoring in
particular, as crop phenology dynamics reflect crop
responses to climate change (Raddatz and Cummine,
2003). Crop phenology monitoring at a regional scale can
provide useful information for agricultural management to
enhance crop yield via irrigation regulation or adjustments
in crop cultivation systems. Because China feeds about
22% of the world’s population with only 7% of its arable
land, ensuring food security in a context of climate change
in China is a pressing issue (Wang et al., 2015). The
Chinese government has attached great importance to crop
yield monitoring in various ways using remote sensing
technologies (Genovese et al., 2001; Mo et al., 2005). This
paper presents an analysis using remote sensing data to
retrieve crop phenology information with frequency-based
methods to facilitate crop yield monitoring in the double-
cropping area of China.
Rice is a major staple crop, found on most arable land

within China. Given current population growth trends, an
estimated 20% more rice production is needed by 2030 in
order to meet domestic needs (Peng et al., 2009). A recent
study demonstrated that temperature increases in China
have shifted rice phenology and affected rice yields
between 1981‒2000 (Tao et al., 2006). Most of the
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croplands in subtropical regions are characterized by a
double-cropping mode; therefore, agricultural manage-
ment is more complicated than that of a single-cropping
pattern. In order to estimate yields and water requirements
in a context of climate change, retrieving accurate rice
phenology information within a double-cropping system is
a major research priority (Tan and Shibasaki, 2003).
Due to their large spatial coverage and repeated temporal

sampling, remote sensing data have been widely used to
detect vegetation dynamics (Chan and Xu., 2013; Wang et
al., 2014), especially vegetation phenology in recent
decades under the influences of climatic change (Justice
et al., 1985; Cleland et al., 2007; Carrao et al., 2010).
Among all satellite data used for phenology monitoring,
Normalized Differential Vegetation Index (NDVI) and
Enhanced Vegetation Index (EVI) are the two practical
indicators that can characterize variations in greenness in
growth cycles of vegetation. Due to easier accessibility
from different satellite sensors, e.g., MODIS and AVHRR,
NDVI has been widely used to extract phenological
information such as early onset of green stage (Slayback et
al., 2003; Delbart et al., 2006) and leaf shedding (Ito et al.,
2008). Particularly, crop phenology (You et al., 2013)
retrieved from multi-temporal NDVI can help us anticipate
food security issues in a context of climate change.
However, NDVI time series are easily contaminated by
noise resulting from sensor view angle effects, and residual
cloud and aerosol contamination (Huete et al., 2002). Such
noise can result in the misidentification of phenology
features such as start of greenness, peak of growing season,
length of growing season, and phenology variations
(Kobayashi and Dye, 2005).
As many important phenology features are easily

identified in the frequency domain of NDVI time series,
we often study signals in the frequency domain. Compared
with non-frequency analysis, frequency-based analysis can
determine both the dominant modes of phenology and the
variability of those modes over time (Torrence and Compo,
1998; Qian and Chen, 1999; Huang and Shen, 2005). The
main features of crop phenology can be reconstructed from
different frequencies. The most well-known frequency-
based methods use Fourier algorithms (Andres et al.,
1994). However, Fourier analysis is appropriate for
periodic or stationary data analysis, but it is not strong in
depicting localized features such as crop growth within a
short period (Percival and Walden, 2006). Later, wavelet
analysis was adopted (Sakamoto et al., 2005; Lu et al.,
2007; Wang et al., 2012b), as it can be used for non-
stationary data analysis, and may better capture these
localized features (Ivanov et al., 1996; Santoso et al.,
1996), but it is not adaptive (Huang et al., 1998), as
wavelet analysis is restricted to the mother functions and
decomposing scales. Recently, Empirical Mode Decom-
position (EMD) can decompose time series data into a
finite and often small number of Intrinsic Mode Functions

(IMFs). The starting point of EMD is to consider signals at
the level of their local oscillations (Molla et al., 2006).
EMD has been widely used to analyze time series in earth
system science applications, e.g., seismic data analysis
(Vasudevan and Cook, 2000), solar cycle in the strato-
sphere (Coughlin and Tung, 2004), and rainfall time series
analysis (Molla et al., 2006). Previous studies have used
different frequency-based methods to reconstruct crop
phenology curves in various world regions. However, a
comprehensive comparison among different frequency-
based methods (e.g., DFT, DWT, and EMD) on crop
phenology monitoring is needed as the three methods are
fundamental for time series analysis in remote sensing.
Sakamoto et al. (2005) adopted the DWT method to

study rice phenology in Japan. Sakamoto et al. (2006) and
Chen et al. (2011, 2012) used DWT and EMD methods
respectively to study rice phenology in the Mekong Delta.
Relatively few studies to date have obtained rice
phenology features for the subtropical regions in China
(Wang et al., 2012a), where cropping systems exhibit
unique patterns due to limited arable land and sporadic
distributions. Land tenure in China is subject to the
‘Household Responsibility System’, which results in many
small parcelized croplands with quite different cropping
systems compared to those of industrialized agriculture
(Shen et al., 2011). Thus, it is a big challenge to monitor
rice phenology in double-cropping areas in China with
robust methods.
In this study, the three phenology-monitoring methods

(DFT, DWT, and EMD) were adopted to monitor rice
phenology in the double-cropping area of Jiangsu
Province, China. We selected pure MODIS pixels of rice,
and then retrieved the key rice phenology curves by
decomposing original NDVI time series into various
frequencies using DFT, DWT, and EMD. We propose
different methodological schemes to reconstruct the intra-
annual rice phenology curves from information in the
frequency domain. We discuss the advantages and short-
comings of different methods in reconstructing rice
phenology curves in the double-cropping area.

2 Study area

The study area is located in Jiangsu Province, China
(Fig. 1), where it is characterized primarily by plains and
belongs to a subtropical monsoon climate meteorologi-
cally. More than 90% of the study area is covered by
croplands (Fig. 1), predominantly rice (Xiao et al., 2005),
and the paddy fields are spatially continuous. Thus it is
possible to select pure rice-covered MODIS pixels (250 m
� 250 m) in this region. According to the ground
agricultural observations from the China Meteorological
Data Sharing Service System, the intra-annual double-
cropping mode is mainly wheat-rice or rapeseed-rice.
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3 Data collection and preprocessing

The 8-day NDVI images with 250-m resolution were
generated from MOD09Q1 surface reflectance. Pure rice
pixels of MODIS were selected by interpreting harvested
paddy fields from the TM image. Frequency-based
decomposition was implemented to intra-annual NDVI
time series of these pixels.

3.1 Time series NDVI image

We obtained 8-Day MOD09Q1 Surface Reflectance with
250-m spatial resolution (Justice et al., 2002) for the years
from 2003‒2005 through the online data pool at the NASA
Land Processes Distributed Active Archive Center
(LPDAAC). MOD09Q1 provides Bands 1 (red) and 2
(near-infrared) at 250-m resolution in an 8-day gridded
level-3 product in the Sinusoidal projection. The MODIS
team has conducted radiometric correction, and the
geometric error is approximately 50 m at nadir (Wolfe et

al., 2002). NDVI was calculated using the red and near-
infrared bands. MOD09Q1 pixels contain the best
observation during an 8-day period. It was chosen based
on high observation coverage, low view angle, reduced
clouds or cloud shadow, and aerosol loading. Quality
assessment (QA) data may help to remove those cloud-
contaminated pixels. However, due to processing errors of
LPDAAC, the QA for MOD09Q1 in the study area is
unavailable. Thus, it is a great challenge to retrieve the crop
phenology curves without QA flags, and this may help to
test the robustness of the frequency-based methods in
phenology estimation.

3.2 Ground observation data

We used rice phenology dates of the year 2003‒2005
observed from three agriculture-meteorology stations
(Fig. 1) as the reference data for assessing different
methods. As the number of ground observations is small,
the observations cannot represent the spatiotemporal

Fig. 1 Study area. The red points represent ground observation stations. The green points represent pure rice pixels. White transparent
grids in the colored frame denote the MODIS pixels. The blue grid denotes one of the pure pixels. The colored background is TM data
obtained on October 17 with R, G, B channels corresponding to band 5, 4, 3. A total of 28 pure MODIS pixels of bare cropland (rice-
covered area) were selected for analysis.
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variations of rice phenology for selected pixels very well.
Thus, we use the average planting date and harvesting date
of the three observations for the years 2003‒2005 as the
ground truth, allowing a variation of � 20 days. The data
still has high reliability for reference of rice phenology
dynamics due to small latitudinal span among the 3
stations.

3.3 Selecting pure pixels in rice-covered region

Rice planting and harvesting are the two main phenology
events all through its growing season. The average
planting date for the year 2003‒2005 is June 17th, and
the average harvesting date is October 16th. A scene of TM
image taken on October 17th, 2005 (119/38) was adopted
for the selection of pure MODIS pixels. The rice harvest-
ing date was on October 16, on an average, and thus most
rice-planting areas become bare cropland from that day
onwards. Vectorized grids (the white grids in Fig. 1)
corresponding to MODIS pixels were overlayed with the
TM image to select the pure rice-covered pixels. We select
the pure MODIS pixels based on visual interpretation. We
first identified the bare farmlands from the TM image
within eachMODIS pixel, then pixel purity of MODIS was
calculated. A total of 28 pixels containing more than 90%
of harvested croplands were selected, and NDVI time
series of these pixels were extracted and analyzed.

4 Frequency-based methods

4.1 Discrete Fourier transformation

DFTwas performed to decompose the original NDVI time
series data into different frequencies. New NDVI time
series were reconstructed with a few frequencies. The DFT,
X(k), of an N-element time series x(n), was defined as:

X ðkÞ ¼
XN – 1

n¼0

xðnÞe – j2πN nk k ¼ 0,1,2,:::,N – 1: (1)

The inverse DFT was:

xðnÞ ¼ 1

N

XN – 1

k¼0

X ðkÞej2πN nk n ¼ 0,1,2,:::,N – 1, (2)

where, j denotes the imaginary part. We use Eq. (1) to
decompose the time series data into different Fourier
frequencies, and Eq. (2) to reconstruct new time series
curves.

4.2 Discrete wavelet transformation

DWT decomposes a signal into a set of basis functions at
different scales. By decomposing a time series into time-
frequency space, one can determine both the dominant

modes of variability and how those modes vary in time
(Torrence and Compo, 1998).

W ða,bÞ ¼ !
þ1

–1
1ffiffiffi
a

p ψ
t – b

a

� �
f ðtÞdt, (3)

where a is a scaling parameter, b is a shifting parameter,
and denotes a mother wavelet. To allow fast numerical
implementation, a and b were often sampled at dyadic
sequence. In dyadic wavelet transformation, the DWT
coefficients of f(t) can be obtained from Eq. (4).

Wj,k ¼ 2 – j=2!
þ1

–1f ðtÞψð2 – jt – kÞdt j ¼ 0,1,:::,k 2 Z:

(4)

f(t) can be reconstructed from the wavelet coefficients
Wj,k by means of the inverse DWT as shown in Eq. (5)
(Martínez and Gilabert, 2009).

f ðtÞ ¼
X1

j¼ –1
X1

k¼ –1 Wj,k2
– j=2ψð2 – jt – kÞ: (5)

To remove noises, we need to identify on which scale the
coefficient can better represent the noises.

4.3 Empirical mode decomposition

For a given signal x(t), EMD ends up with a representation
of Eq. (6)

xðtÞ ¼ mKðtÞ þ
XK

k¼1

dkðtÞ, (6)

where mK(t) stands for the residual and dk(t) stands for
IMFs. The algorithm of EMD can be summarized as
follows:
a identify all extrema of x(t).
b interpolate between minima to generate the envelope

emin(t); and interpolate between maxima to generate the
envelope emax(t).
c calculate the mean m(t)=(emin(t)+ emax(t))/2.
d calculate the detail d(t)= x(t)‒m(t).
e iterate on the residual m(t).
until m(t) can be considered as zero-mean according to

stopping criterion (Rilling et al., 2003).
To summarize the three frequency-based methods used

in this study, the original time series were decomposed
based on different basis functions (Fourier functions in
DFT and wavelet mother functions in DWT) and rules
(intrinsic oscillation in EMD). Different frequencies
(Fourier frequencies in DFT, wavelet coefficients in
DWT, and IMFs in EMD) can be generated and used for
signal reconstruction.
The DFT, DWT, and EMD were conducted to selected

time series for the year 2003‒2005. The planting date and
harvesting date was estimated with spline interpolation.
Finally, the estimation results were assessed with ground
observations.

Hongshuo WANG et al. Reconstructing rice phenology 295



5 Retrieving rice phenology with
frequency-domain analysis

The study flow can be shown in Fig. 2. The raw
MOD09Q1 data sets were used to calculate NDVI with
8-day temporal resolution and 250-m spatial resolution.
There are 46 NDVI images within one year. Sampling
process was implemented with the help of TM image close
to harvesting date. The big noises on the NDVI time series
were linearly interpolated.

5.1 Linear interpolation

Clouds may cause downward fluctuations on NDVI time
series. We replaced some big downward noises using linear
interpolation (Fig. 3). Within rice’s life cycle, it is
reasonable that NDVI may change slowly. An abrupt
decrease was treated as noise. We identified this noise by
estimating a threshold. An earlier study (Chen et al., 2004)
pointed out that most of the optimal thresholds were in the
range of 0.1‒0.4. If the value of a point was smaller than
the values of the previous point and the next point by 0.2,
the downward point was defined as an outlier. After
identifying these outliers, linear interpolation was con-
ducted to replace these noises.

5.2 Implementing frequency-based analysis

After linear interpolation, there was still some noise on the
curve (Fig. 3). The estimation of special points, e.g.,
inflection points, requires the phenology curve to be
smoother. Thus, further reconstruction of the phenology

curve is required. DFT, DWT, and EMD were performed
with interpolated data to generate noise-free crop phenol-
ogy curves. For these frequency-based filters, we set the
conditions to exit the loop for DFT, DWT, and EMD. To
reconstruct the reasonable shapes of rice phenology
curves, the following rules were set. These rules can be
treated as the exit conditions for loops of different
methods.
① The minimum NDVI value (rice planting day)

between two cropping cycles should be within 17‒23
points;
② There is only one peak value for the rice phenology

curve and the peak should have an index within 26‒32.
③ The difference between the maximum value and the

minimum value for rice phenology should be larger than
0.15.
In DFT, the phenology curve was reconstructed using an

inverse Fourier transformation with different Fourier
frequencies. Owing to the double-cropping mode in the
study area, there were two growth cycles within a year.
NDVI time series were decomposed into different
frequencies. Usually, the first frequency mainly captures
the information of the single-cropping mode, and the
second frequency the double-cropping mode. As the
frequency increases, it can depict more detailed vegetation
phenology information, but at the same time, it may
introduce more noise. In this study, the loop starts from
frequency = 1 and increases by one step until the
reconstructed curve meets the exit conditions. The upper
limit of frequency is 5, which means the loop will exit
when frequency equals 5 if the curve still does not meet the
exit conditions.
In DWT, the phenology curve was reconstructed with

approximate coefficients of different scales. Most of the
noise was included in “detail coefficient” with high
frequencies (Fig. 5). One of the most important parts of
wavelet analysis is the determination of mother function.

Fig. 3 Comparison of data before and after linear interpolation.

Fig. 2 Study process of rice phenology monitoring.
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Crop phenology curves were reconstructed with mother
wavelet “coiflet” of order 4 proposed by Sakamoto et al.
(2005). In DWT, the larger the scale that is considered, the
smoother the curve that can be generated. In this study, the
loop starts from scale = 5 and increases by one step until
the reconstructed curve meets the exit conditions. If the
curve does not meet the exit conditions, the lower limit of
the scale to exit the loop is scale = 1.
In EMD, the phenology curve was reconstructed with

the sum of IMFs and the residual. Time series of different
samples may be decomposed into 3‒4 IMFs. In most cases,
phenology fluctuations were located on the last two IMFs
(Fig. 4). The IMFs used for reconstruction contained two
growth cycles in the double-cropping area. EMD was
implemented in MATLAB R2013a with the algorithm
introduced by (Rilling et al., 2003). Similar to DWT and
DFT, we set a loop to select the IMF in order to reconstruct
ideal phenology curves. In this study, the loop starts from
the last IMF and decreases by one step until the
reconstructed curve meets the exit conditions. The lower
limit to exit the loop is IMF = 1.

5.3 Estimating phenological stages

The phenology dates extracted from crop phenology
curves are shown in Fig. 6. In previous studies, the
minimal point (the first derivative equals 0 and changes
from negative to positive at this point) was considered as
the planting date. The inflection point where the second
derivative equals 0 and changes from positive to negative
was considered as the harvesting date (Sakamoto et al.,
2005).

6 Results and discussion

The frequency-based methods can decompose crop NDVI
time series into different frequencies. The three curves
generated from EMD, DFT, and DWT represent basic
trends of intra-annual vegetation cycles under the double-
cropping mode (Fig. 7). The variations in estimated
planting date (day of minimum value) retrieved from
three methods are larger than harvesting date, as can be
seen in the results reported in Table 2.

6.1 Valid estimation from different methods

There may be some spatiotemporal variations in planting
and harvesting dates due to agricultural management and
climatic variability. In accordance with local cultivation
systems, the expected spatiotemporal variation of rice
planting and harvesting days is within �20 days. Thus, an
accurate estimation should correspond to the planting date
within 148‒188 days centered on the average planting day
of ground observations, and the inflection point corre-
sponding to the harvesting date should fall within 270‒310
days centered on the average harvesting day of ground
observations. We use the percentage of effective estima-
tions (the number of effective estimations divided by the
number of all the estimations in 2003‒2005) to assess the
validity of different methods.
As Table 1 shows, DFT yields the best estimate of

planting date (96% accuracy) but the worst estimate of
harvesting date (51%). DWT can obtain the best estimate
of harvesting date (89%) but worst estimate of planting
date (80%). Compared with DWT and DFT, EMD can

Fig. 4 EMD decomposition of NDVI time series. Noise is mainly distributed on IMF1 and IMF2. Time series were decomposed into
(a) 3 IMFs and (b) 4 IMFs. Crop phenology information mainly locates on IMF3.
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Fig. 5 Decomposition of time series data with different methods. (a) The real parts of different frequencies (f1, f2, f3, f7) from DFT, (b)
three IMFs (IMF1‒IMF3) from EMD, (c) the approximate coefficient of four scales (a1‒a4) from DWT, and (d) the detail coefficient of
four scales (d1‒d4) from DWT.

Fig. 6 Points on crop phenology curve indicating different
growth stages. The phenology curve was drawn with DFT.

Fig. 7 Rice phenology curves reconstructed from different
methods.
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retrieve a medium proportion of effective estimates for
planting date and harvesting date. Overall, DWT can yield
the best estimates (85%) while DFT can get the worst
estimates (74%) for both planting and harvesting date.
Planting date (88%) is easier to estimate than harvesting
date (70%). This may be due to the ease of finding the
minimal point compared to an inflection point on the
smoothed curve (Fig. 6). Not every smoothed curve can
accurately depict the inflection point. For example, the
EMD curve in Fig. 7 is not smooth enough to have an
inflection point. Huang et al. (1998) shows the superiority
of EMD over DWT in decomposing non-linear and non-
stationary time series, while our study does not prove the
superiority of EMD over DWT. This may be related to the
fact that NDVI time series of rice phenology is a linear
time series whose localized features can be better captured
by DWT.

6.2 Variations of estimation from different methods

As Table 2 shows, DWT’s estimated planting date had the
largest variation (10.7 days) while the estimated harvesting
date had the smallest variation (5.0 days). DFT in contrast
estimated the planting date with the smallest variation (5.7
days). The STD of harvesting date (6.1 days) is less than
that of planting date (8.2 days). This may be explained by
the following reasons. In the selected double-cropping
area, the rice planting date retrieved from phenology

curves may be influenced by the former cropping curves.
The former crop type may be either wheat or rapeseed. The
minimum points between the double-cropping may be also
influenced by different cropping systems.

6.3 The limitations of EMD in retrieving crop phenology

This study shows that IMFs selection is critical in
reconstructing the EMD curve. The crop phenology
information was mainly located on the last two IMFs.
Crop phenology curves were reconstructed based on IMFs
from EMD. EMD decomposed NDVI time series were
based on the signal itself while DFTand DWTwere subject
to basis functions and parameters that may change with
different conditions of vegetation growth. However, it was
relatively difficult to find optimal IMFs to represent
phenology curves from EMD because EMD was limited
to fewer frequencies than DFT and DWT. In this study, the
original time series of NDVI can only be decomposed into
3~4 IMFs, which is less than decomposed frequencies of
DFT and the scales of DWT. Consequently, the selected
IMF may not reflect the cropping phenology as detailed as
DFT and DWT. Fig. 8 (b) shows that the crop phenology
curve can be adequately reconstructed with the last IMF in
(a); while Fig. 8 (d) shows that the crop phenology curve
cannot be adequately reconstructed with either the last IMF
or the last two IMFs. If reconstructed with the last IMF, the
phenology curve cannot reflect the former cropping; if

Table 1 The effective points retrieved from EMD, DFT, and DWT. The estimations from the year 2003–2005 were considered

Methods
Planting date Harvesting date Average

Valid points Percentage Valid points Percentage Valid points Percentage

EMD 75 89% 60 71% 68 80%

DFT 81 96% 43 51% 62 74%

DWT 67 80% 75 89% 71 85%

Average 75 88% 60 70% 68 79%

Table 2 Standard deviation of estimations from different methods. The calculation was conducted with effective points from different methods

Methods Year Planting/days Average/days Harvesting/days Average/days

EMD 2003 10.1 8.3 7.7 6.7

2004 5.9 6.6

2005 8.9 5.7

DFT 2003 6.4 5.7 1.7 6.7

2004 4.3 8.0

2005 6.3 10.4

DWT 2003 11.9 10.7 3.9 5.0

2004 11.6 3.0

2005 8.7 8.0

Average/days 8.2 6.1
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reconstructed with the last two IMFs, the phenology curve
was not smooth enough.

6.4 Uncertainties, errors, and accuracies of estimation

The outlier estimates from different methods may be due to
two reasons. 1) The limiting factors of crop growth under
the double-cropping mode were more complicated than in
single-cropping mode. Therefore, there were some varia-
tions of phenology that may not be reflected by the
retrieved curves. 2) The parcelization of rice croplands in
China may cause local variations in cultivating systems
due to diverse management by different owners. Even
though more than 90% of selected MODIS pixels were
covered by paddy fields, there may be human-induced
cultivation differences. For example, different rice species
and irrigation management within a single MODIS pixel
may cause spatial heterogeneity. The reconstructed

phenology curve may not reflect those differences. We
recommend trying multi-methods in monitoring crop
phenology with remote sensing data in double-cropping
areas in China to enhance the understanding of uncertain-
ties.
The estimation results were affected by MODIS data

themselves. The sampling time interval for the MOD09Q1
product from a constrained view angle-maximum value
composite (CV-MVC) method was 8 days, and we used the
center day to interpolate the phenology date. This may
potentially contain some uncertainties. In addition, due to
the complexity of the croplands in the study area, it is very
difficult to select pure rice pixels. We can only select a very
limited number of pure rice pixels (28 in each year).
The accuracy assessment may not be well representative

of the cross-site variations of selected pixels due to the
small number of ground observations (Fig. 1). However,
the ground observations are still reliable as the reference

Fig. 8 Rice phenology reconstruction with different IMFs in EMD. Curves in (b) are reconstructed with IMFs in (a), and curves in (d)
are reconstructed with IMFs in (c). EMDb denotes the curve reconstructed with the last two IMFs and residual; EMDa denotes the curve
reconstructed with the last IMF and residual.
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data in view of the small latitudinal span of the study area
(less than 2°). Even though regional variations in cropping
and diverse growth conditions may cause uncertainties in
accuracy assessment, the presentation of different metho-
dological schemes in rice phenology retrieval within the
frequency domain of NDVI time series may facilitate
agronomists’ and engineers’ future crop phenology
monitoring in double-cropping regions in China.

7 Conclusions

In this paper, we examined the accuracy of DFT, DWT, and
EMD in retrieving rice phenology in double-cropping in
Jiangsu Province, China. MODIS 8-day NDVI time series
were used to characterize crop phenology. This study sheds
light on double-cropping phenology retrieval in the
frequency domain from differing methodological perspec-
tives. The following main conclusions can be drawn.
1) Multi-temporal MODIS NDVI data combined with
frequency-based analysis can retrieve rice phenology dates
with on average 79% valid estimates in cloudy and double-
cropping areas of China even when lacking information on
quality assessment of MOD09Q1. 2) Rice phenology in
double-cropping China is mainly located on the last 2
IMFs of EMD and the first 2–3 frequencies of DFT and
DWT. For more accurate rice phenology retrieval, these
frequencies from different methods should be incorpo-
rated. 3) In double-cropping China, the estimate of rice
planting dates (standard deviation = 8.2 days) has larger
variations than that of rice harvesting dates (standard
deviation = 6.1 days), while rice planting dates can be more
accurately estimated (88%) than harvesting dates (70%).
The overall sorting result for accuracy of the different
methods is DWT (85%)>EMD (80%)>DFT (74%) in
the study area. 4) Further research is needed, including
studying the feasibility of frequency-based methods in
monitoring phenology dynamics for other crop types and
the effect of cropland complexity (e.g., parcelization and
individual agriculture management) on phenology estima-
tion from remotely sensed data.
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