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Abstract: Timely and efficient monitoring of crop phenology at a high spatial resolution are crucial
for the precise and effective management of agriculture. Recently, satellite-derived vegetation
indices (VIs), such as the Normalized Difference Vegetation Index (NDVI), have been widely used
for the phenology detection of terrestrial ecosystems. In this paper, a framework is proposed to
detect crop phenology using high spatio-temporal resolution data fused from Systeme Probatoire
d'Observation de la Tarre5 (SPOT5) and Moderate Resolution Imaging Spectroradiometer (MODIS)
images. The framework consists of a data fusion method to produce a synthetic NDVI dataset at
SPOT5’s spatial resolution and at MODIS’s temporal resolution and a phenology extraction algorithm
based on NDVI time-series analysis. The feasibility of our phenology detection approach was
evaluated at the county scale in Shandong Province, China. The results show that (1) the Spatial and
Temporal Adaptive Reflectance Fusion Model (STARFM) algorithm can accurately blend SPOT5 and
MODIS NDVI, with an R2 of greater than 0.69 and an root mean square error (RMSE) of less than
0.11 between the predicted and referenced data; and that (2) the estimated phenology parameters,
such as the start and end of season (SOS and EOS), were closely correlated with the field-observed
data with an R2 of the SOS ranging from 0.68 to 0.86 and with an R2 of the EOS ranging from 0.72
to 0.79. Our research provides a reliable approach for crop phenology mapping in areas with high
fragmented farmland, which is meaningful for the implementation of precision agriculture.
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1. Introduction

The phenology dynamics of regional vegetation reflect how ecosystems are responding to climate
change, and the timing of phenological cycles is often used as an effective parameter for gaining a
better understanding of vegetation-climate interactions and their implications on carbon cycling [1–3].
In the case of crops, phenology provides crucial information for irrigation scheduling, fertilizer
management, seasonal ecosystem carbon dioxide (CO2) exchange cognition, and biomass productivity
estimation [4,5]. Therefore, timely and accurate crop phenology detection is not only essential for
climate variability research but also significant for the scientific management and rational utilization
of farmland.

Traditionally, most crop phenology identifications involve time-consuming and laborious field
surveys. In recent years, with the development of remote sensing technology, a growing number of
studies have focused on utilizing satellite data to detect the phenology of different crops because the
frequent remotely sensed images have significant potential for monitoring vegetation dynamics [6,7].
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At present, to the best of the authors’ knowledge, phenology detections are mainly available at
medium or coarse levels because high-spatial-resolution images are constrained by either low temporal
resolution or low repeat cycles, and thus, it is almost impossible for these data to capture rapidly
changing crop phenology. Meanwhile, coarse spatial resolution data, such as the Moderate Resolution
Imaging Spectroradiometer (MODIS) [5,6,8], Systeme Probatoire d’Observation de la Tarre-Vegetation
(SPOT-VGT) [9,10], and NOAA Advanced Very High Resolution Radiometer (AVHRR) images [11,12],
are not suitable for phenology mapping in areas with fragmented landscapes because mixed pixels
may seriously affect the spectral characteristics in the coarse satellite images [8,13]. In some parts
of China, this limitation is more obvious because farmland is owned by different individuals and
is generally divided into small portions [14]. Therefore, detecting crop phenology at a high spatial
resolution is essential and extremely urgent in regions with small-scale fields.

Currently, although advances in satellite remote sensing provide more data source choices, data
with both high spatial resolution and high temporal resolution for extracting crop phenology at a
regional scale remain unavailable. To generate high spatial and temporal resolution data, various fusion
algorithms have been proposed and proven practicable. Gao et al. developed a Spatial and Temporal
Adaptive Reflectance Fusion Model (STARFM) algorithm for blending Landsat ETM+ and MODIS
data to generate daily surface reflectance data at ETM+ spatial resolutions firstly. Subsequently, several
modified methods aiming at improving the performance of the STARFM algorithm were presented [15].
For example, the Spatial Temporal Adaptive Algorithm for mapping Reflectance Change (STAARCH)
method, which was developed by Hilker et al., allows for an optimal input Landsat image to be chosen
and hence improves the accuracy of synthetic data [16]. Zhu et al. proposed an Enhanced Spatial
and Temporal Adaptive Reflectance Fusion Model (ESTARFM) and obtained more accurately blended
land surface reflectance data, especially over complex heterogeneous landscapes [17]. Recently, both
STARFM and ESTARFM have been successfully applied for the fusion of Landsat and MODIS data
in different environments [18–21], and several studies have attempted to test the feasibility of these
algorithms to fuse MODIS data with high-spatial-resolution data from other space-borne sensors [22],
which is very important for agriculture monitoring on more sophisticated levels. For example, Liu et al.
derived phenological parameters of C3 and C4 vegetation types at high spatial resolution through
fusing Landsat and time-series MODIS products [23]. Singha et al. have extracted the phenology of
rice in India based on the high spatio-temporal resolution data blended from China’s Environmental
Satellite (HJ-1A/B) and MODIS data [24]. All these applications have demonstrated the potential of
data fusion methods in crop phenology detection.

The objective of the presented study is to propose a framework for crop phenology detection
using high spatio-temporal resolution data blended from Systeme Probatoire d'Observation de la
Tarre5 (SPOT5) and MODIS products in spatially heterogeneous landscapes. In this research, we want
to answer two questions: (1) Is the STARFM algorithm appropriate for generating time-series data
with multiple combinations of SPOT5 and MODIS data sets; (2) Is the time-series data combining
SPOT5- with STARFM-predicted images suitable for detecting crop phenology changes in a typical
region with high fragmented farmland in the North China Plain (NCP)?

2. Study Area and Data

2.1. Study Area

The study was conducted in Dezhou city (115◦45′–117◦36′ E, 36◦24′–38◦1′ N), which is situated in
the western Shandong Province, one of the major production zones in China (as shown in Figure 1).
This area is dominated by irrigated agriculture and moist soil, with an annual mean temperature and
precipitation of 13.3 ◦C and 555.5 mm, respectively, concentrated from July to September. The farming
structure of the study site has typical characteristics of the planting pattern of the NCP, mainly a
rotation of winter wheat and summer maize, with occasional cotton and cash crops. The winter wheat
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is regularly sowed in mid-October and harvested in early June (wheat season), whereas summer maize
is planted in mid-June and harvested in late September (maize season).
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Field observation data of the crop phenology calendar from 2014 to 2015 within the study region, 
such as the SOS and EOS, were collected from 18 and 15 fields (sampling sites) during the growing 
season of winter wheat and summer maize to validate the phenology estimations. In particular, only 
relatively homogeneous and large fields which were comparable with the 250-m pixels of MODIS 
data were selected. A handheld global positioning system (GPS) from Unistrong Science & 
Technology Co., Ltd. (Beijing, China), with a positional accuracy of <5 m was used to record the 
location of each field [25,26]. Once the observation positions were determined, we went to the study 
area every month to survey the phenology information. But for the artificially planted crops, monthly 
frequency may not be sufficient because crops change quickly, so we also asked several local farmers 
to help us, they can record the phenological features (as shown in Table 1) every 5–10 days and thus 
can make up for our low observation frequency, the specific phenological date of each field was 
defined as when more than fifty percentage crops in this field has reached the same phenology stage.  

In particular, the SOS and EOS of winter wheat are corresponding to the jointing and maturity 
stages, while the SOS and EOS of summer maize are corresponding to the seven leaf and maturity 
stages of the ground observations. During the investigation periods, the crop and land use types were 
also recorded for the classification of different crops. 
  

Figure 1. Location and photographs of the study site. (a) Location of study area and sampling sites;
(b) Photograph of summer maize on 12 August 2015; (c) Photograph of winter wheat on 17 April 2015.

2.2. Data Acquisition and Processing

2.2.1. Ground Data

Field observation data of the crop phenology calendar from 2014 to 2015 within the study region,
such as the SOS and EOS, were collected from 18 and 15 fields (sampling sites) during the growing
season of winter wheat and summer maize to validate the phenology estimations. In particular, only
relatively homogeneous and large fields which were comparable with the 250-m pixels of MODIS data
were selected. A handheld global positioning system (GPS) from Unistrong Science & Technology
Co., Ltd. (Beijing, China), with a positional accuracy of <5 m was used to record the location of each
field [25,26]. Once the observation positions were determined, we went to the study area every month
to survey the phenology information. But for the artificially planted crops, monthly frequency may
not be sufficient because crops change quickly, so we also asked several local farmers to help us, they
can record the phenological features (as shown in Table 1) every 5–10 days and thus can make up for
our low observation frequency, the specific phenological date of each field was defined as when more
than fifty percentage crops in this field has reached the same phenology stage.

In particular, the SOS and EOS of winter wheat are corresponding to the jointing and maturity
stages, while the SOS and EOS of summer maize are corresponding to the seven leaf and maturity
stages of the ground observations. During the investigation periods, the crop and land use types were
also recorded for the classification of different crops.
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Table 1. Phenology stages and exact date in the study area. SOS: start of season; EOS: end of season;
DOY: day of the year.

Winter Wheat Summer Maize

Phenology Stage Date (DOY) Phenology Stage Date (DOY)

Sowing 288 Sowing 163
Emergence 298 Emergence 169

Tillering 325 Seven leaf 186 (SOS)
Wintering 349–51 (next year) Tasseling 222
Jointing 81 (SOS) Silking 227
Booting 103 Maturity 265 (EOS)
Maturity 153 (EOS) Harvest 274
Harvest 160 - -

Note: the date of each phenology in this table is the average value of date from all the sampling sites.

2.2.2. Satellite Data

Generally, daily and 8-day maximum value compositing (MVC) reflectance data can be obtained
from MODIS products. Although the daily data can better capture phenological differences, we
selected the 8-day composite MOD09Q1 product because the daily data can be easily affected by many
unavoidable factors such as clouds and haze. The MOD09Q1 data consist of red (R) and near-infrared
(NIR) bands, and the spatial resolution is 250 m. The title number of the MODIS data which covered
the study area is H27V05 and the MODIS product used in this study were from DOY281 (281st day
of the year) in 2014 to DOY289 (289th day of the year) in 2015, a period covered the entire growing
period of wheat and maize.

The SPOT5 satellite was successfully launched in May 2002 and can obtain high-spatial-resolution
data (10 m in the visible and near-infrared region and 20 m in the shortwave infrared region), with
a four-band spectrum ranging from 0.49 to 0.68 µm in the visible region (green and red bands) and
from 0.78 to 1.78 µm in the infrared region (near-infrared and shortwave infrared bands). In total, we
obtained ten SPOT5 images with less than 10% cloud cover during the 2014–2015 agricultural year, as
shown in Table 2. Moreover, the study area has a sample size of 3988 × 4240 pixels.

Table 2. SPOT5 image acquisitions used in this study.

Wheat Season Maize Season

Acquisition Date (Month/Day) DOY Acquisition Date (Month/Day) DOY

4/23 113 7/2 183
5/8 128 8/11 223
5/13 133 8/16 228
5/23 143 8/21 233
5/28 148 9/15 258

2.2.3. Auxiliary Data

An arable land mask derived from ChinaCover 2010 [27] and all the available multi-temporal
SPOT5 images which were also used for data fusion were employed to generate spatial distributions
of wheat and maize in 2015 based on the support vector machine (SVM) method. The phenology maps
were then produced over the crop planting regions.
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3. Methods

3.1. Data Fusion

Recently, although many data fusion methods developed based on the STARFM algorithm
have been proven to improve the fusion accuracy in relevant research, STARFM was selected as the
algorithm to generate high-spatial-resolution time-series data because it is the foundation of other
fusion methods and because it has fewer restrictions. We used STARFM to directly blend vegetation
indices (VIs) derived from SPOT5 and MOD09Q1 because several studies have found that STARFM
method performs better when directly fusing VIs rather than when the reflectance is fused and then
the VIs are calculated [28,29]. The NDVI (Normalized Difference Vegetation Index) (Equation (1)) was
chosen because it has been proven to be an effective indicator for phenology extraction [30]:

NDVI = (ρNIR − ρR)/(ρNIR + ρR) (1)

where ρNIR and ρR represent the land-surface reflectance of the near-infrared and red
bands, respectively.

The STARFM algorithm requires at least one pair of high- and coarse-resolution images that were
obtained in the same period and a series of coarse resolution images for the desired dates to predict
high-spatial-resolution data. The implementation of STARFM was divided into two parts (wheat
season and maize season) because large variations in land surface may occur over different seasons.
Specifically, when taking growing stages into consideration, the SPOT5 data on 23 April (DOY113) and
the MOD09Q1 product on DOY113 (represents a maximum value composite data over a 8 day period
from DOY113 to DOY120) were selected as one pair, and the SPOT5 data on 16 August (DOY228)
and the MOD09Q1 product on DOY225 were chosen as another pair to predict the high spatial and
temporal resolution NDVI, therein covering the whole growth period of wheat and maize, respectively.
The remaining SPOT5 images were used to evaluate the accuracies of the blended NDVI. Prior to
implementing the STARFM data fusion algorithm, we used the MODIS Reprojection Tools (MRT) to
reproject and resample the MODIS data to the projection and spatial resolution of the SPOT5 image.
There is no need to further process the SPOT5 data because they were provided pre-processed for
geometric and atmospheric corrections by THEIA land data center [31].

3.2. Data Smoothing

The averaged time-series NDVI profile of the study area for wheat and maize which extracted
from MODIS data over the 2014–2015 agricultural season is shown in Figure 2, from which the
phenomenon can be obtained that there were still fluctuations in the original time-series NDVI profile
even though the reflectance had been composited, which was most likely caused by climate and
atmospheric changes.

Because undesirable noises may influence the accuracy of the phenology extraction results, it is
essential to eliminate such noises. In past decades, various filtering algorithms have been proposed
and employed to reconstruct time-series data. However, an affirmatory method that could always
achieve optimal results still did not exist. In this research, three different filtering methods, asymmetric
Gaussian functions (A-G), double logistic functions (D-L) and Savitzky-Golay (S-G) filtering in the
TIMESAT software, were tested to smooth the time-series NDVI. As shown in Figure 2, the S-G filtering
method performed better for noise removal than did the Gaussian and logistic functions even though
noise remained in the profile, which agreed with several previous studies [32]. Therefore, S-G filtering
was chosen to smooth the time-series data. In addition, the periods for winter wheat and summer
maize (i.e., the dash line in the figure) were determined by the observation dates shown in Table 1,
and there appears to be two peaks in the NDVI profiles during the wheat season, as wheat entered a
dormant period, during which the NDVI decreased from the first peak due to low temperatures and
wheat almost stopped to grow, while the respiration is still normal, therefore the actual greenness was
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going down [33], then the NDVI moved towards the second peak. In this study, we only distinguished
the SOS of wheat when it recovered from dormancy.
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3.3. Phenology Detection

Among the numerous methods for deriving seasonal parameters from the time-series NDVI,
the threshold method, which assumes that a specific phenology will start if the NDVI value exceeds
a previously defined threshold, is widely applied because it generally keeps dates within a certain
reasonable range and can thus achieve relatively high accuracies [9,34]. In general, the setting of
thresholds is usually based on the characteristics of the NDVI curve; however, these characteristics
vary with crop type changes, and different crops have their own phenological stages during their
growing seasons [35]. In this study, we adopted the method developed by Pan et al. based on the ratio
of NDVImin and NDVImax (NDVIratio) over a specific period for crops to determine thresholds of the
SOS and the EOS [14]. Here, specific periods were defined as from the beginning to the peak and from
the peak to the end of the season to identify the NDVImin for the definitions of the SOS and the EOS.
Since the NDVImin may be different at the start and end of season, the threshold values are also varied
for the SOS and the EOS. The NDVI ratio was defined as follows:

NDVIratio = NDVImin/NDVImax (2)

where NDVImin and NDVImax are the annual minimum and maximum values of a specific range of
time-series NDVI, respectively.

The threshold value for the SOS and EOS was dependent on the highest probability of the NDVI
ratio, Figure 3 provides an example of the NDVI ratio and threshold calculation of SOS for winter
wheat. In our study, the NDVI ratio of the SOS and EOS for wheat was calculated by NDVImin on
day 41 and NDVImax on day 129, and NDVImin on day 161 and NDVImax on day 129. While the NDVI
ratio of the SOS and EOS for maize was determined according to NDVImin on day 161 and NDVImax on
day 241, and NDVImin on day 281 and NDVImax on day 241, respectively. Later, the threshold values
were calculated based on the highest probability of NDVI ratio within the study area. Finally, crop
phenological features, including the SOS and the EOS, were extracted based on the thresholds and the
NDVI time series in the TIMESAT software [36], that is if the NDVI values reached the thresholds of
SOS and EOS for pixels in the images, we considered it’s the time of SOS and EOS.
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Figure 3. The calculation of NDVIratio of SOS for winter wheat and threshold value were then
determined based on the highest probability of NDVIratio.

3.4. Accuracy Assessment

Three statistical criteria, the coefficient of determination (R2), the mean absolute error (MAE) and
the root mean square error (RMSE) were selected to evaluate the estimated SOS and EOS. Due to the
small amount of observational phenology data (15 for winter wheat and 18 for summer maize), it was
quite inefficient to withhold part of the data to evaluate the phenology extraction results; therefore,
the leave-one-out cross-validation (LOOCV) approach was selected to examine the accuracy of the
estimation models [37]. The LOOCV method involves using one observation as the validation sample
and the remaining observations as the training samples; this procedure was repeated N (number of
the observation values) times. The R2, MAE and RMSE of the algorithm were then estimated through
averaging the values obtained from the N iterations:

R2 = 1− ∑n
i=1(Mi − Fi)

2

∑n
i=1(Mi − Ai)

2 (3)

MAE =
1
n
×∑n

i=1|Mi − Ei| (4)
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RMSE =

√
1
n

n

∑
i=1

(Mi − Ei)
2 (5)

where n is the number of observations, Mi is the measured value, Fi is the linear fitting value, Ai is the
average value of the measured data and Ei is the estimated value.

4. Results

4.1. The STARFM Prediction Results

Comparisons between the predicted and observed NDVI are provided in Figures 4 and 5.
The scatterplots show that all the predicted data were closer to the 1–1 line, which demonstrates
the good performance of STARFM algorithm in the fusion of SPOT5 and MODIS products. The R2

and RMSE were chosen to measure the strength of the relationship between the estimated results and
the reference data. Overall, the R2 was higher than 0.69, and the RMSE was lower than 0.11 for all
predicted data. Specifically, the R2 was between 0.69 and 0.86, and the RMSE was between 0.06 and
0.11 in the wheat season. Meanwhile, the R2 ranged from 0.76 to 0.85, and the RMSE ranged from 0.06
to 0.08 between the predicted and observed NDVI values during the maize season.

The results also show that correlations between the blended and referenced NDVI were lower
for DOY137 than for DOY121 and DOY129 in the wheat season, and the correlations were lower for
DOY257 than for DOY233 during the maize season. This indicated that the accuracies of the predicted
data decreased when the time interval increased, a finding consistent with several previous studies [23],
which may be due to the probability of land surface and sun zenith angle changes that increase with
increasing time spans. The prediction accuracy was significantly decreased for DOY145 and DOY177.
This is most likely caused by intense farming activities such as harvesting and sowing occurring at the
end and start of the growing season of the two crops, respectively.
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backward temporal directions were used for prediction in order to rely on high-resolution 
observations that were as close as possible to the prediction dates. This indicated that the NDVI 
prediction accuracy may be higher than the accuracy given above. Additionally, the real SPOT5- and 
the STARFM-predicted images were combined when detecting the crop phenology parameters. 
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Figure 6 shows the visual comparison of predicted and reference NDVI, from which we can
obtain that they had good consistency because most of the difference values presented in Figure 6c
were between −0.10 and 0.10. In the following research, all ten SPOT5 images were used to predict
high spatio-temporal resolution NDVI, and only the nearest SPOT5 images in both the forward and
backward temporal directions were used for prediction in order to rely on high-resolution observations
that were as close as possible to the prediction dates. This indicated that the NDVI prediction accuracy
may be higher than the accuracy given above. Additionally, the real SPOT5- and the STARFM-predicted
images were combined when detecting the crop phenology parameters.
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4.2. Crop Classification and Mapping

Based on the available multi-temporal SPOT5 images and SVM method, the distribution maps
of wheat and maize were generated (Figure 7). As shown in the two figures, most of the wheat and
maize fields were overlapped, indicating that the planting area kept stable. The classification results
were evaluated using the ground survey data (92 points for wheat and 104 points for the other types
during the wheat season; and 103 points for maize and 123 points for the other types during the maize
season), and the assessment indicators contains producer’s accuracy, user’s accuracy, overall accuracy
and kappa coefficient.

Sensors 2016, 16, 2099 10 of 21 

 

 

Figure 6. The comparison of predicted and reference NDVI of DOY137. (a) The reference SPOT5 NDVI 
(b) The predicted NDVI; (c) The difference of predicted NDVI in (a) and reference NDVI in (b). 

4.2. Crop Classification and Mapping 

Based on the available multi-temporal SPOT5 images and SVM method, the distribution maps 
of wheat and maize were generated (Figure 7). As shown in the two figures, most of the wheat and 
maize fields were overlapped, indicating that the planting area kept stable. The classification results 
were evaluated using the ground survey data (92 points for wheat and 104 points for the other types 
during the wheat season; and 103 points for maize and 123 points for the other types during the maize 
season), and the assessment indicators contains producer’s accuracy, user’s accuracy, overall 
accuracy and kappa coefficient.  

Figure 7. Classification results of different crops using SPOT5 images (a) for winter wheat; (b) for 
summer maize. 

Figure 7. Classification results of different crops using SPOT5 images (a) for winter wheat; (b) for
summer maize.



Sensors 2016, 16, 2099 11 of 21

Tables 3 and 4 provide the results of the assessment, respectively, from which we can obtain
that the overall accuracies for both wheat and maize were above 86%, and the kappa coefficients
were higher than 0.73 when using SPOT5 images, which is acceptable for crop mapping. Meanwhile,
the overall accuracies for both wheat and maize were below 75%, and the kappa coefficients were
lower than 0.50 when involved the MODIS data, which demonstrated that the classification accuracies
were improved with the spatial resolution increasing. This mainly because it’s easier to produce
mixed pixels in the coarse or moderate spatial resolution images and thus result in the relatively low
classification accuracies.

Table 3. Classification accuracies of winter wheat using the SPOT5 and MODIS data.

Class
SPOT5 Data MODIS Data

Producer’s Accuracy User’s Accuracy Producer’s Accuracy User’s Accuracy

Wheat 89.13% 83.67% 73.91% 67.33%
Others 84.62% 89.79% 68.26% 74.74%

Overall Accuracy: 86.73%; Kappa: 0.7347 Overall Accuracy: 70.92%; Kappa: 0.4210

Table 4. Classification accuracies of summer maize using the SPOT5 and MODIS data.

Class
SPOT5 Data MODIS Data

Producer’s Accuracy User’s Accuracy Producer’s Accuracy User’s Accuracy

Maize 91.26% 87.85% 75.73% 70.91%
Others 89.43% 92.44% 73.98% 78.45%

Overall Accuracy: 90.27%; Kappa: 0.8044 Overall Accuracy: 74.78%; Kappa: 0.4944

4.3. Crop Phenology Extraction and Mapping

Based on the smoothed data using the S-G filtering, the thresholds of the SOS and EOS were
determined. Figure 8 shows the histograms of the NDVI ratio of wheat and maize, all of which were
similar to normal distributions. According to the highest probability of the frequencies of NDVI ratio,
the thresholds of the SOS and EOS for wheat were 0.45 and 0.32, and the thresholds of the SOS and
EOS for maize were 0.35 and 0.31, respectively. To compare the crop phenology estimation accuracy at
different spatial resolutions, we extracted the SOS and EOS of wheat and maize in both the time-series
MODIS data at the 250 m resolution and the predicted data at the 10 m resolution with the same
selected threshold determination methods. Figure 9 shows the frequency distributions of the NDVI
ratio of wheat and maize based on the time-series MODIS NDVI, where the thresholds of the SOS and
EOS for wheat were 0.40 and 0.30 and the thresholds of the SOS and EOS for maize were 0.29 and
0.25. Overall, the threshold of the SOS and the EOS for wheat was larger than that for maize, and the
threshold of the SOS was larger than that of the EOS for each individual crop.

In addition, the threshold of SOS and EOS for both crops obtained from the blended data were
more representative than the threshold that achieved from the MODIS products because they were more
consistent with the normal distribution, which also showed the benefits of using high spatio-temporal
resolution data. The relationships between the estimated SOS and EOS dates and the observation
data are presented in Figures 10 and 11. Figure 10 is the extraction result based on the time-series
blended NDVI (10 m resolution), and Figure 11 shows the extraction result using the time-series
MODIS NDVI (250 m resolution). As shown in Figure 10, all the estimations were closely related to the
observations, with an R2 greater than 0.67 and an RMSE lower than 2.40 days, and an MAE of less
than 2.30 days. For the SOS of maize, the prediction obtained the highest R2 (0.86) and a relatively
low RMSE (2.26 days), whereas the smallest R2 (0.68) and largest RMSE (2.39 days) can be observed
in the SOS estimation for wheat. Although the R2 of the SOS and EOS was 0.57 and 0.52 for wheat,
it was 0.64 and 0.56 for maize when using the MODIS NDVI (Figure 11). Overall, the accuracies
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of estimations based on the time-series blended data with higher R2, lower RMSE and MAE were
better than the results using MODIS data, which was also mainly due to the influence of mixed pixels.
To minimise the influence of differences in spatial resolution in accuracy evaluation and demonstrate
the practical effect of applying this generated NDVI dataset in crops phenology extraction, the blended
NDVI was aggregated to the resolution of MODIS and then extracted phenology to spatially match the
estimation result derived from the original MODIS data. Improvement in accuracy can be seen from
the comparison between Figures 11 and 12, the R2 between estimated and observed phenology has
increased, while the RMSE and MAE has decreased. All of this have indicated the feasibility of the
proposed framework for crop phenology monitoring. Based on the methodologies described above and
the spatial distributions of the two crops, the maps and histograms of phenology parameters using the
blended time-series NDVI were generated and are presented in Figures 12 and 13. As shown in the four
figures, the histograms of the SOS and EOS also appear somewhat similar to normal distributions, and
most of the SOS and EOS values were between DOY70–DOY85 and DOY150–DOY165 for wheat and
between DOY179–DOY195 and DOY260–DOY275 for maize, indicating that the maximum difference
of the SOS and EOS within the study area was approximately half a month for both wheat and
maize. This demonstrated estimated results were acceptable within a specific range, and therefore the
spatial distributions of crop phenology can provide favourable supplement for the observation from
agro-meteorological station. Moreover, there is little overlap between estimated EOS in Figure 13 and
estimated SOS in Figure 14, the most likely reason is that the farmland belonged to many different
farmers in China and lacked unified management, so when to sow, fertilize and harvest was decided
by each one, and therefore led to this phenomenon.
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5. Discussion

Since numerous studies on vegetation phenology detection have been conducted using
coarse-resolution data, such as the AVHRR, MODIS, and SPOT-VGT time series at regional scales
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and few studies were found using high-spatial-resolution data for crop phenology monitoring at
small-field scales, we proposed a framework for phenology detection using high spatio-temporal
resolution data blended from SPOT5 and MODIS products in this paper. The research provided an
approach for crops phenology detection at a finer scale and achieved favourable results, and also it
showed various advantages of applying the time-series fused high spatial resolution data than the
coarse spatial resolution data for phenology monitoring in the study region. Therefore, our study is
very meaningful for the implementation of precision agriculture. However, several problems listed as
below necessitate further improvements though we were able to accurately extract phenology.

5.1. High Spatial Resolution Data

Besides the limitation that we used the 8-day MODIS data instead of the daily data, which
may led to low estimation accuracy, the major limitation is that an insufficient number of SPOT5
images were available at the early stages of wheat, which may thus cause inaccurate predictions
because of the long-time spans between the input data pair and the predicted date. In our study, the
accuracies of synthetic data in the early season were still reliable, although they may not be as accurate
as the predictions that were close to the input SPOT5 data because the land surface of the planted
areas remained stable, as most agricultural activities were suspended during this period. For the
implementation of STARFM algorithm, even if only one base high-spatial-resolution image exists
it also could predict time-series high-spatial-resolution data covering the whole growing season of
crops, greater access to high-spatial-resolution data may result in higher fusion accuracies and hence
improve the performance of crop phenology identification. In this study, the strong potential of fusing
high-spatial-resolution SPOT5 and high-temporal-resolution MODIS data for phenology detection has
been proven, but since the SPOT5 images are acquired from commercial satellite which need to buy,
we would like to test the free source and widely used data obtained from Landsat to extract phenology
parameters, Figure 15 presented relationships between the phenology estimation results using high
spatio-temporal resolution data blended from two image pair of Landsat8 OLI and MODIS and the
field observations, from which we can see although the correlations (R2 were between 0.64 and 0.82,
RMSE were between 2.14 and 2.78 days, and MAE were between 1.95 and 2.65 days) were lower than
the estimations involving SPOT5 data, they were significantly correlated with the measured values.
This demonstrated the feasibility of utilizing Landsat data to detect crops phenology at high spatial
resolution when the commercial SPOT5 images are unavailable. Exhilaratingly, with recent satellite
missions, such as Europe’s Sentinel-2 and Sentinel-3 and China’s Gaofen series, new possibilities
emerge for data fusion approaches extending to products from other space-borne sensors, which will
contribute to better crop phenology monitoring.
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5.2. Smoothing Methods

The smoothing algorithm is also an important limitation that may influence phenology extraction
from satellite images. In this study, we tested three filtering methods in the TIMESAT software,
and we used the RMSE to quantitative analysis the difference between the observed and smoothed
values. The RMSE values are presented in Table 5, from which we can determine that S-G performed
better among the three filtering methods as it had lowest RMSE, whether for wheat (0.0152) or
for maize (0.0272). Therefore, the S-G filter is considered more suitable for the time-series NDVI
reconstruction. However, numerous other smoothing techniques have been developed for processing
time-series remote sensing data, and no agreement has been reached on which filter performs best [38].
As this is preliminary and exploratory research, we did not discuss substantially more issues about
which filter is suitable or better; this is beyond the scope of this study. Further research should
make additional comparisons of using different filtering methods to estimate phenology parameters.
In addition, unfavourable weather conditions, such as cloud cover, are another restriction for phenology
monitoring. Although the MVC technique and smooth filtering can attenuate the influence of
intermittent cloud cover, the presented method may not perform well in regions with successive
cloud covers, which will lead to large data gaps in the NDVI time series and ultimately affect the
accuracy of the extraction phenology.

Table 5. RMSE values for the three techniques of data filtering.

Filtering Methods
Crop Types

Winter Wheat Summer Maize

A-G 0.0158 0.0291
D-L 0.0235 0.0453
S-G 0.0152 0.0266

Here, the RMSE value indicate the difference between the mean NDVI time series obtained from
the three noise-reduction techniques and the corresponding experimental time series to which noise
reduction has been applied. The smaller the value, the better of the filter.

5.3. Data Fusion Algorithms

Because the phenology estimations are mainly based on time-series analysis when using remote
sensing techniques, the reliability and stability of data fusion methods are very important because
they may greatly influence the accuracy of the blended high-spatial-resolution data. In this paper,
we only explored the potential of the STARFM algorithm for fusing SPOT5 and MODIS products.
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Although its capability has been demonstrated, the prediction accuracy is also affected by limitations
of the fusion algorithm. For example, even though the fields are very small in our study area, some of
them are adjacent with the same crops. In a way they behave homogenously, a bit like mega-fields
(composed of many small fields), so it may be easier to produce high spatial resolution data. But
inaccurate prediction results may occur in planting regions with complex crop types across adjacent
small-scale fields, such as Austria and Sahelian region in Europe and Africa, respectively [39,40].
Moreover, the STARFM algorithm cannot predict change events if the disturbances are not recorded in
at least one of the base high-spatial-resolution images [15,17]. Fortunately, a number of researchers are
devoted to improving the prediction accuracies and extending applications of the fusion techniques.
For example, the STAARCH and ESTARFM algorithms were proposed in an attempt to overcome
several limitations of the STARFM algorithm [14,17]. Recently, a framework for the ESTARFM
algorithm was developed to make it applicable for large, cloud-prone and heterogeneous areas [41].
For future improvements, we will thoroughly test the existing data fusion methods and appraise their
applications in phenology detection.

5.4. Geometric Accuracy and PSF

The geometric accuracy and point spread function (PSF) may also influence the results of
phenology estimations. Since we used several pairs of SPOT5 and MODIS images to predict desired
high spatial resolution data, if there are geometric errors in these images, they will mismatched and
the predicted high spatial resolution data will not be so accurate. Moreover, the geometric accuracy
also can influence the validation of the phenology extractions. The PSF of a sensor describes how
much of a signal reaching a detector element actually comes from adjacent areas outside the nominal
observation areas of the pixel and it weighs the signal over the image plane contributing to the detector
readout [42,43]. Therefore, when computing vegetation index for each low spatial resolution pixel, PSF
effects should be taken into account and the corresponding weights should be used to compute the
fractional coverage of each land use types [44]. According to Schowengerdt, the sensor PSF which has
been modelled in several studies includes several components: the optical PSF, the image motion PSF,
the electronic PSF, and the detector PSF [43–46]. Even though for some remotely sensed images, such
as the MERIS, the PSF can be negligible for the unmixing-based data fusion approach [44,47], it should
be noted that this is not the case when using MODIS data because its triangular PSF results in overlap
between adjacent observations such that 25% of the signal is from adjacent areas [48]. Therefore, the
MODIS PSF also should be taken into account for the improvements of data fusion algorithms and
phenology detections in the future’s research.

5.5. VIs’ Selection and Influence

Finally, since many VIs can be derived from hyperspectral images and since some of them are
widely used in the estimation of vegetation biochemical and biophysical variables [49–51], further
studies should be focused on assessing the performance of different VIs in phenology monitoring
when using remotely sensed time-series data. Recently, several studies have achieved some progress in
this interesting field. For example, Meng et al. found that EVI (Enhanced Vegetation Index) and NDWI
(Normalized Difference Water Index) performed better than SAVI (Soil Adjusted Vegetation Index)
and NDVI in the optimal harvest date extraction for soybean [52]. The WDRVI (Wide Dynamic Range
Vegetation Index) was selected by Sakamoto et al. to detect maize and soybean phenology because this
index has been proven to have a higher sensitivity to changes at moderate to high biomass compared
to the NDVI [5]. In the future, we should like to assess the performance of other VIs (e.g., EVI and
WDRVI) and evaluate their suitability and capability for crop phenology estimation.

6. Conclusions

The detection of crop phenology at a high spatial resolution is of crucial importance for agriculture
management in China, which is a large agricultural country with high fragmented fields. In this study,
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we proposed a framework to map crop phenology using high spatio-temporal resolution data blended
from the SPOT5 and MODIS products and verified its feasibility in an agricultural county in Shandong
Province, China.

Our results show that: (1) the STARFM algorithm possesses the ability to blend SPOT5 and
MODIS data. The R2 between the predicted and observed NDVI ranged from 0.69 to 0.86 and from
0.76 to 0.86 during the wheat season and maize season, with acceptable RMSEs; In addition, (2) the
fused datasets have the potential to detect crop phenology at a high spatial resolution. Based on the
threshold method, the SOS and EOS that were extracted from the time-series NDVI were consistent
with the field-observed data, with the R2 of the SOS varying from 0.68 to 0.86 and the R2 of the EOS
varying from 0.72 to 0.79; Finally, (3) the accuracy of phenology estimations that involved blended data
was better than that using MODIS data, indicating the strong feasibility and reliability of the proposed
framework for phenology monitoring.

This research demonstrates the potential of using high spatial and temporal resolution data
blended from the STARFM algorithm to detect crop phenology. Here, it was only used to fuse SPOT5
and MODIS data, but it is not limited to these two products. The proposed approach can easily be
used with other satellite images for accurate phenology monitoring at finer scales.

Acknowledgments: This research was supported by the China Grains Administration Special Fund for Public
Interest (No. 201313009-02), the National Key Research and Development Program (No. 2016YFA0600304) and
China Grains Administration Special Fund for Public Interest (No. 201413003-07). We also thank the SPOT5
(Take5) project and the THEIA land data centre for providing and processing the SPOT5 images. The authors
would like to thank the reviewers for their constructive comments, which we used to revise this paper.

Author Contributions: Yang Zheng contributed to the research experiments, analysed the data, and wrote
the majority of the paper. Bingfang Wu conceived of the experiments and was responsible for the research
analysis. Miao Zhang collected and pre-processed the original data. Hongwei Zeng helped with the discussions
and revisions.

Conflicts of Interest: The authors declare no conflicts of interest.

References

1. White, M.A.; de Beurs, K.M.; Didan, K.; Inouye, D.W.; Richardson, A.D.; Jensen, O.P.; O’Keefe, J.; Zhang, G.;
Nemani, R.R.; van Leeuwen, W.J.D.; et al. Intercomparison, interpretation, and assessment of spring
phenology in North America estimated from remote sensing for 1982–2006. Glob. Chang. Biol. 2009, 15,
2335–2359. [CrossRef]

2. Begue, A.; Vintrou, E.; Saad, A.; Hiernaux, P. Differences between cropland and rangeland MODIS phenology
(start-of-season) in Mali. Int. J. Appl. Earth Obs. Geoinform. 2014, 31, 167–170. [CrossRef]

3. Soudani, K.; le Maire, G.; Dufrêne, E.; François, C.; Delpierre, N.; Ulrich, E.; Cecchini, S. Evaluation of the
onset of green-up in temperate deciduous broadleaf forests derived from Moderate Resolution Imaging
Spectroradiometer (MODIS) data. Remote Sens. Environ. 2008, 112, 2643–2655. [CrossRef]

4. You, X.; Meng, J.; Zhang, M.; Dong, T. Remote sensing based detection of crop phenology for agricultural
zones in China using a new threshold method. Remote Sens. 2013, 5, 3190–3211. [CrossRef]

5. Sakamoto, T.; Wardlow, B.D.; Gitelson, A.A.; Verma, S.B.; Suyker, A.E.; Arkebauer, T.J. A two-step filtering
approach for detecting maize and soybean phenology with time-series MODIS data. Remote Sens. Environ.
2010, 114, 2146–2159. [CrossRef]

6. Zhang, X.; Friedla, M.A.; Schaaf, C.B.; Strahler, A.H.; Hodges, J.C.F.; Gao, F.; Reed, B.C.; Huete, A. Monitoring
vegetation phenology using MODIS. Remote Sens. Environ. 2003, 84, 471–475. [CrossRef]

7. Atzberger, C. Advances in remote sensing of agriculture: Context description, existing operational
monitoring systems and major information needs. Remote Sens. 2013, 5, 949–981. [CrossRef]

8. Sakamoto, T.; Yokozawa, M.; Toritani, H.; Shibayama, M.; Ishitsuka, N.; Ohno, H. A crop phenology detection
method using time-series MODIS data. Remote Sens. Environ. 2005, 96, 366–374. [CrossRef]

9. Cong, N.; Piao, S.; Chen, A.; Wang, X.; Lin, X.; Chen, S.; Han, S.; Zhou, G.; Zhang, X. Spring vegetation
green-up date in China inferred from SPOT NDVI data: A multiple model analysis. Agric. For. Meteorol.
2012, 165, 104–113. [CrossRef]

http://dx.doi.org/10.1111/j.1365-2486.2009.01910.x
http://dx.doi.org/10.1016/j.jag.2014.03.024
http://dx.doi.org/10.1016/j.rse.2007.12.004
http://dx.doi.org/10.3390/rs5073190
http://dx.doi.org/10.1016/j.rse.2010.04.019
http://dx.doi.org/10.1016/S0034-4257(02)00135-9
http://dx.doi.org/10.3390/rs5020949
http://dx.doi.org/10.1016/j.rse.2005.03.008
http://dx.doi.org/10.1016/j.agrformet.2012.06.009


Sensors 2016, 16, 2099 20 of 21

10. Lu, L.; Wang, C.; Guo, H.; Li, Q. Detecting winter wheat phenology with SPOT-VEGETATION data in the
North China Plain. Geocarto Int. 2013, 29, 244–255. [CrossRef]

11. Brown, M.E.; de Beurs, K.M.; Marshall, M. Global phenological response to climate change in crop areas
using satellite remote sensing of vegetation, humidity and temperature over 26 years. Remote Sens. Environ.
2012, 126, 174–183. [CrossRef]

12. Heumann, B.W.; Seaquist, J.W.; Eklundh, L.; Jönsson, P. AVHRR derived phenological change in the Sahel
and Soudan, Africa, 1982–2005. Remote Sens. Environ. 2007, 108, 385–392. [CrossRef]

13. Zhang, M.; Zhou, Q.; Chen, Z.; Liu, J.; Zhou, Y.; Cai, C. Crop discrimination in Northern China with double
cropping systems using fourier analysis of time-series MODIS data. Int. J. Appl. Earth Obs. Geoinform. 2008,
10, 476–485.

14. Pan, Z.; Huang, J.; Zhou, Q.; Wang, L.; Cheng, Y.; Zhang, H.; Blackburn, G.A.; Yan, J.; Liu, J. Mapping crop
phenology using NDVI time-series derived from HJ-1 A/B data. Int. J. Appl. Earth Obs. Geoinform. 2015, 34,
188–197. [CrossRef]

15. Gao, F.; Masek, J.; Schwaller, M.; Hall, F. On the blending of the Landsat and MODIS surface reflectance:
Predicting daily landsat surface reflectance. IEEE Trans. Geosci. Remote Sens. 2006, 44, 2207–2218.

16. Hilker, T.; Wulder, M.A.; Coops, N.C.; Seitz, N.; White, J.C.; Gao, F.; Masek, J.G.; Stenhouse, G. Generation of
dense time series synthetic Landsat data through data blending with MODIS using a spatial and temporal
adaptive reflectance fusion model. Remote Sens. Environ. 2009, 113, 1988–1999. [CrossRef]

17. Zhu, X.; Chen, J.; Gao, F.; Chen, X.; Masek, J.G. An enhanced spatial and temporal adaptive reflectance fusion
model for complex heterogeneous regions. Remote Sens. Environ. 2010, 114, 2610–2623. [CrossRef]

18. Zhang, B.; Zhang, L.; Xie, D.; Yin, X.; Liu, C.; Liu, G. Application of synthetic NDVI time series blended from
Landsat and MODIS data for grassland biomass estimation. Remote Sens. 2016, 8, 10. [CrossRef]

19. Zheng, Y.; Zhang, M.; Zhang, X.; Zeng, H.; Wu, B. Mapping winter wheat biomass and yield using time
series data blended from PROBA-V 100- and 300-m S1 products. Remote Sens. 2016, 8, 824. [CrossRef]

20. Zhang, F.; Zhu, X.; Liu, D. Blending MODIS and Landsat images for urban flood mapping. Int. J. Remote Sens.
2014, 35, 3237–3253. [CrossRef]

21. Liu, H.; Weng, Q. Enhancing temporal resolution of satellite imagery for public health studies: A case study
of West Nile Virus outbreak in Los Angeles in 2007. Remote Sens. Environ. 2012, 117, 57–71. [CrossRef]

22. Tewes, A.; Thonfeld, F.; Schmidt, M.; Oomen, R.; Zhu, X.; Dubovyk, O.; Menz, G.; Schellberg, J. Using
RapidEye and MODIS data fusion to monitor vegetation dynamics in semi-arid rangelands in South Africa.
Remote Sens. 2015, 7, 6510–6534. [CrossRef]

23. Liu, X.; Bo, Y.; Zhang, J.; He, Y. Classification of C3 and C4 vegetation types using MODIS and ETM+ blended
high spatio-temporal resolution data. Remote Sens. 2015, 7, 15244–15268. [CrossRef]

24. Singha, M.; Wu, B.; Zhang, M. An object-based paddy rice classification using multi-spectral data and crop
phenology in Assam, northeast India. Remote Sens. 2016, 8, 479. [CrossRef]

25. Zhang, M.; Wu, B.; Meng, J. Quantifying winter wheat residue biomass with a spectral angle index derived
from China Environmental Satellite data. Int. J. Appl. Earth Obs. Geoinform. 2014, 32, 105–113. [CrossRef]

26. Wu, B.; Zhang, L.; Yan, C.; Wang, Z. ChinaCover 2010: Methodology and features. In Proceedings of the
GeoInformatics, Hong Kong, China, 15–17 June 2012.

27. Zhang, M.; Wu, B.; Yu, M.; Zou, W.; Zheng, Y. Crop condition assessment with adjusted NDVI using the
uncropped arable land ratio. Remote Sens. 2014, 6, 5774–5794. [CrossRef]

28. Tian, F.; Wang, Y.; Fensholt, R.; Wang, K.; Zhang, L.; Huang, Y. Mapping and evaluation of NDVI trends
from synthetic time series obtained by blending Landsat and MODIS data around a Coalfield on the Loess
Plateau. Remote Sens. 2013, 5, 4255–4279. [CrossRef]

29. Jarihani, A.; McVicar, T.; Van Niel, T.; Emelyanova, I.; Callow, J.; Johansen, K. Blending Landsat and
MODIS data to generate multispectral indices: A comparison of “index-then-blend” and “blend-then-index”
approaches. Remote Sens. 2014, 6, 9213–9238. [CrossRef]

30. Jönsson, P.; Eklundh, L. Seasonality extraction by function fitting to time-series of satellite sensor data.
IEEE Trans. Geosci. Remote Sens. 2002, 40, 1824–1832. [CrossRef]

31. The Information of SPOT5 Take5 Product Format. Available online: http://www.cesbio.ups-tlse.fr/
multitemp/?page_id=1822 (accessed on 11 March 2016).

32. Lara, B.; Gandini, M. Assessing the performance of smoothing functions to estimate land surface phenology
on temperate grassland. Int. J. Remote Sens. 2016, 37, 1801–1813. [CrossRef]

http://dx.doi.org/10.1080/10106049.2012.760004
http://dx.doi.org/10.1016/j.rse.2012.08.009
http://dx.doi.org/10.1016/j.rse.2006.11.025
http://dx.doi.org/10.1016/j.jag.2014.08.011
http://dx.doi.org/10.1016/j.rse.2009.05.011
http://dx.doi.org/10.1016/j.rse.2010.05.032
http://dx.doi.org/10.3390/rs8010010
http://dx.doi.org/10.3390/rs8100824
http://dx.doi.org/10.1080/01431161.2014.903351
http://dx.doi.org/10.1016/j.rse.2011.06.023
http://dx.doi.org/10.3390/rs70606510
http://dx.doi.org/10.3390/rs71115244
http://dx.doi.org/10.3390/rs8060479
http://dx.doi.org/10.1016/j.jag.2014.03.020
http://dx.doi.org/10.3390/rs6065774
http://dx.doi.org/10.3390/rs5094255
http://dx.doi.org/10.3390/rs6109213
http://dx.doi.org/10.1109/TGRS.2002.802519
http://www.cesbio.ups-tlse.fr/multitemp/?page_id=1822
http://www.cesbio.ups-tlse.fr/multitemp/?page_id=1822
http://dx.doi.org/10.1080/2150704X.2016.1168945


Sensors 2016, 16, 2099 21 of 21

33. Lu, L.; Guo, H. Extraction method of winter wheat phenology from time series of SPOT/VEGETATION data.
Trans. CSAE 2009, 25, 174–179. (In Chinese)

34. Lloyd, D. A phenological classification of terrestrial vegetation cover using shortwave vegetation index
imagery. Int. J. Remote Sens. 1990, 11, 2269–2279. [CrossRef]

35. Pan, Y.; Li, L.; Zhang, J.; Liang, S.; Zhu, X.; Sulla-Menashe, D. Winter wheat area estimation from MODIS-EVI
time series data using the crop proportion phenology index. Remote Sens. Environ. 2012, 119, 232–242.
[CrossRef]

36. Jönsson, P.; Eklundh, L. Timesat-a program for analyzing time-series of satellite sensor data. Comput. Geosci.
2004, 30, 833–845. [CrossRef]

37. Shao, J. Linear model selection by cross-validation. J. Am. Stat. Assoc. 1993, 88, 486–494. [CrossRef]
38. Immitzer, M.; Vuolo, F.; Atzberger, C. First experience with Sentinel-2 data for crop and tree species

classifications in central Europe. Remote Sens. 2016, 8, 166. [CrossRef]
39. Marie-Julie, L.; François, W.; Defourny, P. Cropland mapping over Sahelian and Sudanian agrosystems:

A knowledge-based approach using PROBA-V time series at 100-m. Remote Sens. 2016, 8, 232–254.
40. Atzberger, C.; Eilers, P.H.C. Evaluating the effectiveness of smoothing algorithms in the absence of ground

reference measurements. Int. J. Remote Sens. 2011, 32, 3689–3709. [CrossRef]
41. Knauer, K.; Gessner, U.; Fensholt, R.; Kuenzer, C. An ESTARFM fusion framework for the generation of

large-scale time series in cloud-prone and heterogeneous landscapes. Remote Sens. 2016, 8, 425. [CrossRef]
42. Kaiser, G.; Schneider, W. Estimation of sensor point spread function by spatial subpixel analysis. Int. J.

Remote Sens. 2008, 29, 2137–2155. [CrossRef]
43. Duveiller, G.; Baret, F.; Defourny, P. Crop specific green area index retrieval from modis data at regional scale

by controlling pixel-target adequacy. Remote Sens. Environ. 2011, 115, 2686–2701. [CrossRef]
44. Zurita-Milla, R.; Kaiser, G.; Clevers, J.G.P.W.; Schneider, W.; Schaepman, M.E. Downscaling time series

of meris full resolution data to monitor vegetation seasonal dynamics. Remote Sens. Environ. 2009, 113,
1874–1885. [CrossRef]

45. Schowengerdt, R.A. Remote Sensing: Models and Methods for Image Processing, 2nd ed.; Academic Press:
San Diego, CA, USA, 1997; pp. 67–83.

46. Duveiller, G.; Defourny, P. A conceptual framework to define the spatial resolution requirements for
agricultural monitoring using remote sensing. Remote Sens. Environ. 2010, 114, 2637–2650. [CrossRef]

47. Zurita-Milla, R.; Clevers, J.G.P.W.; Schaepman, M.E.; Kneubuehler, M. Effects of MERIS l1b radiometric
calibration on regional land cover mapping and land products. Int. J. Remote Sens. 2007, 28, 653–673.
[CrossRef]

48. Tan, B.; Woodcock, C.E.; Hu, J.; Zhang, P.; Ozdogan, M.; Huang, D.; Yang, W.; Knyazikhin, Y.; Myneni, R.B.
The impact of gridding artifacts on the local spatial properties of modis data: Implications for validation,
compositing, and band-to-band registration across resolutions. Remote Sens. Environ. 2006, 105, 98–114.
[CrossRef]

49. Kross, A.; McNairn, H.; Lapen, D.; Sunohara, M.; Champagne, C. Assessment of RapidEye vegetation indices
for estimation of leaf area index and biomass in corn and soybean crops. Int. J. Appl. Earth Obs. Geoinform.
2015, 34, 235–248. [CrossRef]

50. Gao, S.; Niu, Z.; Huang, N.; Hou, X. Estimating the leaf area index, height and biomass of maize using HJ-1
and RADARSAT-2. Int. J. Appl. Earth Obs. Geoinform. 2013, 24, 1–8. [CrossRef]

51. Jin, X.; Yang, G.; Xu, X.; Yang, H.; Feng, H.; Li, Z.; Shen, J.; Lan, Y.; Zhao, C. Combined multi-temporal optical
and radar parameters for estimating LAI and biomass in winter wheat using HJ and RADARSAT-2 data.
Remote Sens. 2015, 7, 13251–13272. [CrossRef]

52. Meng, J.; Xu, J.; You, X. Optimizing soybean harvest date using HJ-1 satellite imagery. Precis. Agric. 2015, 16,
164–179. [CrossRef]

© 2016 by the authors; licensee MDPI, Basel, Switzerland. This article is an open access
article distributed under the terms and conditions of the Creative Commons Attribution
(CC-BY) license (http://creativecommons.org/licenses/by/4.0/).

http://dx.doi.org/10.1080/01431169008955174
http://dx.doi.org/10.1016/j.rse.2011.10.011
http://dx.doi.org/10.1016/j.cageo.2004.05.006
http://dx.doi.org/10.1080/01621459.1993.10476299
http://dx.doi.org/10.3390/rs8030166
http://dx.doi.org/10.1080/01431161003762405
http://dx.doi.org/10.3390/rs8050425
http://dx.doi.org/10.1080/01431160701395310
http://dx.doi.org/10.1016/j.rse.2011.05.026
http://dx.doi.org/10.1016/j.rse.2009.04.011
http://dx.doi.org/10.1016/j.rse.2010.06.001
http://dx.doi.org/10.1080/01431160600821069
http://dx.doi.org/10.1016/j.rse.2006.06.008
http://dx.doi.org/10.1016/j.jag.2014.08.002
http://dx.doi.org/10.1016/j.jag.2013.02.002
http://dx.doi.org/10.3390/rs71013251
http://dx.doi.org/10.1007/s11119-014-9368-3
http://creativecommons.org/
http://creativecommons.org/licenses/by/4.0/.

	Introduction 
	Study Area and Data 
	Study Area 
	Data Acquisition and Processing 
	Ground Data 
	Satellite Data 
	Auxiliary Data 


	Methods 
	Data Fusion 
	Data Smoothing 
	Phenology Detection 
	Accuracy Assessment 

	Results 
	The STARFM Prediction Results 
	Crop Classification and Mapping 
	Crop Phenology Extraction and Mapping 

	Discussion 
	High Spatial Resolution Data 
	Smoothing Methods 
	Data Fusion Algorithms 
	Geometric Accuracy and PSF 
	VIs’ Selection and Influence 

	Conclusions 

