This article was downloaded by: [Institute of Remote Sensing Application]
On: 14 January 2014, At: 21:43
Publisher: Taylor & Francis
Informa Ltd Registered in England and Wales Registered Number: 1072954 Registered
office: Mortimer House, 37-41 Mortimer Street, London W1T 3JH, UK

International Journal of Digital Earth
Publication details, including instructions for authors and
subscription information:
http://www.tandfonline.com/loi/tjde20

Generation of high spatial and temporal
resolution NDVI and its application in
crop biomass estimation
a

a

Jihua Meng , Xin Du & Bingfang Wu

a

a

Institute of Remote Sensing Applications , Chinese Academy of
Sciences , Beijing , China
Published online: 17 Oct 2011.

To cite this article: Jihua Meng , Xin Du & Bingfang Wu (2013) Generation of high spatial and
temporal resolution NDVI and its application in crop biomass estimation, International Journal of
Digital Earth, 6:3, 203-218, DOI: 10.1080/17538947.2011.623189
To link to this article: http://dx.doi.org/10.1080/17538947.2011.623189

PLEASE SCROLL DOWN FOR ARTICLE
Taylor & Francis makes every effort to ensure the accuracy of all the information (the
“Content”) contained in the publications on our platform. However, Taylor & Francis,
our agents, and our licensors make no representations or warranties whatsoever as to
the accuracy, completeness, or suitability for any purpose of the Content. Any opinions
and views expressed in this publication are the opinions and views of the authors,
and are not the views of or endorsed by Taylor & Francis. The accuracy of the Content
should not be relied upon and should be independently verified with primary sources
of information. Taylor and Francis shall not be liable for any losses, actions, claims,
proceedings, demands, costs, expenses, damages, and other liabilities whatsoever
or howsoever caused arising directly or indirectly in connection with, in relation to or
arising out of the use of the Content.
This article may be used for research, teaching, and private study purposes. Any
substantial or systematic reproduction, redistribution, reselling, loan, sub-licensing,
systematic supply, or distribution in any form to anyone is expressly forbidden. Terms &
Conditions of access and use can be found at http://www.tandfonline.com/page/termsand-conditions

International Journal of Digital Earth, 2013
Vol. 6, No. 3, 203218, http://dx.doi.org/10.1080/17538947.2011.623189

Generation of high spatial and temporal resolution NDVI and its
application in crop biomass estimation

Downloaded by [Institute of Remote Sensing Application] at 21:43 14 January 2014

Jihua Meng*, Xin Du and Bingfang Wu
Institute of Remote Sensing Applications, Chinese Academy of Sciences, Beijing, China
(Received 17 December 2010; final version received 9 September 2011)
While data like HJ-1 CCD images have advantageous spatial characteristics for
describing crop properties, the temporal resolution of the data is rather low,
which can be easily made worse by cloud contamination. In contrast, although
Moderate Resolution Imaging Spectroradiometer (MODIS) can only achieve a
spatial resolution of 250 m in its normalised difference vegetation index (NDVI)
product, it has a high temporal resolution, covering the Earth up to multiple
times per day. To combine the high spatial resolution and high temporal
resolution of different data sources, a new method (Spatial and Temporal
Adaptive Vegetation index Fusion Model [STAVFM]) for blending NDVI of
different spatial and temporal resolutions to produce high spatialtemporal
resolution NDVI datasets was developed based on Spatial and Temporal
Adaptive Reflectance Fusion Model (STARFM). STAVFM defines a time
window according to the temporal variation of crops, takes crop phenophase
into consideration and improves the temporal weighting algorithm. The result
showed that the new method can combine the temporal information of MODIS
NDVI and spatial difference information of HJ-1 CCD NDVI to generate an
NDVI dataset with both high spatial and high temporal resolution. An
application of the generated NDVI dataset in crop biomass estimation was
provided. An average absolute error of 17.2% was achieved. The estimated winter
wheat biomass correlated well with observed biomass (R2 of 0.876). We conclude
that the new dataset will improve the application of crop biomass estimation by
describing the crop biomass accumulation in detail. There is potential to apply the
approach in many other studies, including crop production estimation, crop
growth monitoring and agricultural ecosystem carbon cycle research, which will
contribute to the implementation of Digital Earth by describing land surface
processes in detail.
Keywords: high spatial and temporal resolution; NDVI; crop biomass; Digital
Earth; data fusion

1. Introduction
Vegetation index (VI) is an important method to acquire crop status information
from remote-sensing images. VIs are widely used in evaluating the growth and spatial
distribution of crops. With several decades’ development, many VIs have been
developed, among which normalised difference vegetation index (NDVI), ratio
vegetation index (RVI), soil adjusted vegetation index (SAVI), perpendicular
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vegetation index (PVI) and enhanced vegetation index (EVI) are typical, with NDVI
being the most popular one.
Key challenges are still imposed by technological limitations, requiring tradeoffs to be made between the spatial, spectral and temporal resolutions of an
instrument, and often preventing an adequate description of crop and field
dynamics (Hilker et al. 2009). Multi-spectral sensors with high spatial resolution
have a small coverage, which leads to a long revisit period (Coops et al. 2006) and
often results in a dearth of imagery for a desired time interval; sensors with a high
temporal resolution can implement large-scale revisits with high frequency, but
their spatial resolution is rather low (Justice et al. 1985, Holben 1986).
HJ-1 is an earth observation small satellite constellation for environment and
disaster monitoring. The charge-couple device (CCD) cameras on board HJ-1 A/B
measure the solar radiation reflected by the Earth in four spectral channels
distributed within the visible and near-infrared spectral domain. Although the
potential revisit frequency of HJ-1 B is four days, the actual image acquiring
frequency of HJ-1 CCD would commonly be 20 days due to limited satellite
resources, which limits its application in crop dynamic monitoring (Ranson et al.
2003, Roy et al. 2008), as well as in acquiring real-time crop status (Gao et al. 2006,
Pape and Franklin 2008). Its reacquisition period for valid images can be prolonged
due to cloud contamination (Pape and Franklin 2008), which brings further
limitations on dynamic and real-time monitoring of crops. The Moderate Resolution
Imaging Spectroradiometer (MODIS) instrument was launched by NASA in 1999
(Terra) and 2002 (Aqua). Daily global spectral information of 36 bands can be
provided with a spatial resolution of 250 m, 500 m and 1 km. MODIS VI products
were designed to provide consistent, spatially distributed and multi-temporal global
vegetation status information (Running et al. 1994, Justice et al. 1998), which has
been widely used in global and regional vegetation monitoring. Yet, its resolution
(maximum 250 m) is not enough to acquire detailed spatial differences in crop status.
An effective solution to this problem is to fuse the VIs from different sensors
with different resolutions to produce datasets with both high spatial and high
temporal resolution. Several studies on this were implemented in the last decade.
Hensen et al. (2008) developed a regression model to fuse 500 m-resolution 16-day
composite land albedo with Landsat data. In Roy et al. (2008), a semi-physical
fusion approach that used the MODIS BRDF/Albedo land surface characterisation product and Landsat ETM data to predict ETM reflectance at the same,
an antecedent, or subsequent date was presented. Shevyrnogov et al. (2000)
merged National Oceanic and Atmospheric Administration (NOAA) NDVI and
Multi-spectral Scanner (MSS) brightness images, resulting in image features the
colour of NOAA NDVI and topographic details of MSS intensity. Busetto et al.
(2008) proposed a novel approach for the estimation of sub-pixel NDVI values
from multi-temporal coarse-resolution satellite data by exploiting information
about within-pixel fractional cover derived from a high-resolution land use map.
van Leeuwen et al. (2006) addressed some of the issues that need to be solved to
achieve a multi-sensor NDVI data continuity within a defined set of confidence
limits; uncertainties and implications in this process were discussed. The common
characteristic of these data fusing methods is that high spatial resolution data
were used to describe the spatial variation and high frequency data were used to
describe the temporal variation. These two types of data were fused to produce
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high spatial and high frequency terrestrial remote-sensing products. Most of these
studies focused on reflectance and albedo, and the ones focused on VI did not
utilise the gradualness and periodicity in vegetation’s temporal variation. Spatial
and Temporal Adaptive Reflectance Fusion Model (STARFM) (Gao et al. 2006)
is also such an algorithm. The algorithm enabled a prediction of spectral
reflectance at the spatial resolution of Landsat with daily MODIS data. Zhu
et al. (2010) made modifications to STARFM to achieve a better accuracy for
heterogeneous landscapes.
The concept of Digital Earth as a mechanism for integrating data from multiple
sources was put forward more than 10 years ago (Gore 1998). Integration of remotesensing images of different spatial and temporal resolution can achieve a finer
description of land surface processes, which will contribute to a better implementation of Digital Earth.
In this study, based on the modification and improvement of STARFM, an
algorithm for fusing NDVI with different spatial and temporal resolution was
developed  Spatial and Temporal Adaptive Vegetation index Fusion Model
(STAVFM). Two major modifications were made: (1) its algorithm for temporal
weight computation was modified according to the temporal variation pattern of
vegetation and (2) the algorithm was directly applied on NDVI fusion. Then, an
application of the generated NDVI dataset with both high spatial and high temporal
resolution was provided in winter wheat biomass estimation. The advantage of the
generated high spatial and temporal resolution NDVI data was fully exploited.

2. Study area and data
2.1. Study area
The city of Yucheng, Shandong Province, China, was selected as the study area.
Yucheng (36840?37812?N, 116823?116845?E) is an irrigated agricultural county
located in the North China Plain, which is an alluvial plain in the lower reaches
of the Yellow River, with an average altitude of 28 m above sea level (Figure 1).
Mean annual temperature is 13.18C, mean annual solar radiation is 5225 MJ m 2
and mean annual precipitation is 528 mm, about 60% of which occurs in July and
August. The soil is mostly silt, light loam and medium loam. Wheat is the
dominant summer harvest crop, which is sown in early October and harvested in
early or mid-June in the following year. We selected Yucheng as the study area
due to its typicality in the North China Plain.
The traditional tillage practice is dominated by two-season cropping of winter
wheat and corn. Summer maize is planted in early to mid-June and harvested at
the end of September, where the cycle is repeated. According to a field survey,
winter wheat is the dominant crop, accounting for 90% of the summer harvest
crops in the region.

2.2. Remote-sensing data
2.2.1. HJ-1 CCD data
The HJ satellite constellation consists of four optical satellites. At present, two
optical satellites (HJ-1A and HJ-1B) have been launched. Two 30-m resolution CCD
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Figure 1. location of Yucheng city.

optical cameras are on board each, with a four-band spectrum ranging from 0.43 to
0.90 mm following the Landsat, SPOT and CBERS series in spectral range. The
major parameters of the HJ-1B and its onboard CCD cameras are listed in Table 1.
The band configuration of the HJ-1B CCD camera is similar to the first four bands
of Landsat TM.

Table 1. Major parameters of the HJ-1 and its onboard CCD cameras.
Indices
Orbit type
Orbit height
Orbit obliquity
Visit time
Revisit period
GSD
Swath
Channels

Daily coverage of China
Imaging mode

Value
Sun-synchronous orbit
649.093 km
97.94868
10:30 am
Four days
30 m
710 km
B1: 0.430.52 mm
B2: 0.520.60 mm
B3: 0.630.69 mm
B4: 0.760.90 mm
38%
Pushbroom imaging mode
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In this study, 13 scenes of HJ CCD images were used to capture winter wheat
growth conditions from October 2008 to July 2009. The time step varied from 8 days
to 56 days and was 18 days on average.
For the HJ CCD images, the digital values were converted into at-sensor radiance
using calibration coefficients provided with the products. Surface reflectance was
then retrieved using the 6S model (Vermote et al. 1997). The middle latitude summer/
winter atmospheric model and the continental aerosol model were used in
atmospheric correction. Atmospheric visibility, which was used in the atmospheric
correction, was obtained from the Yucheng site.
2.2.2. MODIS data
Daily MODIS 1B data (MOD02) covering the study area from October 2008 to June
2009 were acquired. Coarse geo-correction was implemented with the ground control
points (GCPs) inside the dataset and further geo-rectification was implemented
taking geo-corrected HJ-1 CCD as reference. The re-projection was carried out with
the MRTSwath tool and reflectance or radiance was derived with internal calibration
parameters. Bands 1, 2, 3, 5, 6, 20, 22, 26, 27, 31 and 35 were used for cloud detection
with a threshold of reflectance and brightness temperature (Ackerman et al. 2010).
Atmospheric correction was done based on the 6S model (Vermote et al. 1997), and
the depth of aerosol was retrieved using the dark dense vegetation (DDV) method
(Kaufman et al. 1997). Resolution NDVI images (250 m) were computed with
geographic and atmospheric corrected reflectance of bands 1 and 2.

3. Methods
3.1. Generation of high spatial and temporal resolution NDVI
3.1.1. STARFM
The algorithmic basis of STARFM is (Gao et al. 2006): neglecting geo-location
errors and differences in atmospheric correction, surface reflectance of a heterogeneous coarse-resolution pixel at date t(Ct) can be aggregated from finer resolution
homogeneous pixels of surface reflectance Fti and percentage coverage Ait as
Equation (1):
Ct ¼

X

Fti  Ait

(1)

where i refers to the spatial index (location) of the fine resolution pixel. Two
assumptions were made to build the algorithm: (1) if the surface reflectance of a lowresolution pixel is constant over time, then there should be no change in surface
reflectance of a high-resolution image in that pixel as well; (2) if surface reflectances
of high- and low-resolution images are equal at a given time (t1), then these values
should be equal for the prediction date (t2). The two assumptions are for two extreme
situations: either the low-resolution RS pixel value does not change or it changes
from the same starting status with high-resolution data. Based on these two
assumptions, we deduce that the difference of reflectance of a low-resolution pixel
at two different dates will be equal to the difference of reflectance of high-resolution
pixels at the same two dates in that low-resolution pixel. Thus, the temporal variation
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of high-resolution images could be described with multi-temporal, low-resolution
images.
In STARFM, first the low- and high-resolution images of the same date (t1) were
acquired, and then the low-resolution image of another date was used to predict the
high-resolution image on the same date by computing the temporal difference with
the two low-resolution images. To reduce the influence of pixel boundary of the lowresolution images, a weighted averaging method was used in a moving window with
the target pixel at the centre.
By introducing additional information from neighbouring pixels, the surface
reflectance for the central pixel at date t2 was computed with a weighting function:
Lðxw=2 ; yw=2; T2 Þ ¼

w X
w X
n
X

Wijk ðMðxi ; yj ; T2 Þ þ Lðxi ; yj ; T1 Þ  Mðxi ; yj ; T1 ÞÞ (2)

i¼1 j¼1 k¼1

where w is the size of the moving window; (xw/2, yw/2) is the central pixel of this
moving window; L(xw/2,yw/2,T2) is the predicted high-resolution pixel value;
M(xi,yi,T2) is the low-resolution image pixel at t2; L(xi,yi,T1) and M(xi,yi,T1) are
corresponding reflectance values of high- and low-resolution images observed at the
base date T1; and Wijk is the weight determining how much each neighbouring pixel
contributes to the estimated reflectance of the central pixel. A normalised reverse
distance method was applied as the weight function:

Wijk

,
w X
w X
n  .

X
¼ 1=Cijk
1 Cijk

(3)

i¼1 j¼1 k¼1

where Cijk is a combined function of spectral, temporal and spatial distance (Gao et
al. 2006).
As pixel value in predicted image is computed as a function of spatial matched
pixels in different temporal period and their neighbouring pixels, the value of a pixel
is doomed to have more connection with its neighbouring pixels. A decrease in
spatial dependency will be the price for the increase in spatial resolution.

3.1.2. Improvement
The target of the original algorithm is surface spectral reflectance, thus modifications
are necessary in applying the method on vegetation indices. Take the weight of
temporal distance for example, the difference of pixel reflectance of two dates was
used to compute the weight, where a smaller difference means a higher weight. On
one hand, the gradualness and periodicity in vegetation’s temporal variation were
not used. On the other hand, farmland is the major land use type in the study area,
and a fast increase or drop will often occur at jointing and maturing stages. To deal
with the issues mentioned earlier, three new rules were brought forward in the
temporal weighting function of the algorithm.
(1) The valid time window radius was defined as 40 days. Generally, only the
data in the valid time window were used in high-resolution NDVI prediction.
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Three conditions were considered in choosing 40 days as the valid time window: (1)
40 days are 10 potential revisiting cycles, which could commonly guarantee a
potential data acquisition of more than 10 scenes; (2) except the inter-season period
(which will be considered in rule three), there would not be dramatic variation in
vegetation in a time window of 40 days, which could guarantee the validity of the
prediction.
(2) When more than one scene of valid images were acquired in the valid time
window, only the nearest images on both forward and backward temporal
directions were used in the prediction. The final predicted NDVI was
computed as the weighted average of the predicted image from two
temporally near images. Then, time distance was taken as the weight, which
could be expressed as

LðT1 Þ ¼

1
T2  T1

 LðT1 ; 2Þ þ

1
T1  T0

!,
 LðT1 ; 0Þ

1
T2  T1

þ

1
T1  T0

!
(4)

where T0 and T2 are the acquiring dates of the two temporally nearest images;
L(T1,0) and L(T1,2) are the predicted NDVI images on T1 with the high-resolution
image on T0 and T2, respectively; and L(T1) is the final predicted NDVI derived as
the time distance weighted average of L(T1,0) and L(T1,2). Equation (4) could be
transformed for actual computation:
LðT1 Þ ¼ ððT1  T0 Þ  LðT1 ; 2Þ þ ðT2  T1 Þ  LðT1 ; 0ÞÞ=ðT2  T0 Þ

(5)

The new weighted averaging method put the NDVI image to be predicted into a
temporal changing process, so the variation of NDVI in both forward and backward
directions was considered. The effect of time distance on reliability of prediction was
also considered, which made the predicted result more rational in temporal
processes. The method became a ‘nearest neighbour’ method when there was only
one scene of valid high-resolution NDVI in the time window or all the valid NDVI
images were on the same side of the predicted NDVI image.
(3) The influence of crop seasons was considered. When a pixel to be predicted
was a farmland pixel, a judgement was made on whether the valid highresolution NDVI images used in prediction were in the same crop season with
the predicted NDVI image. If high-resolution NDVI images on both forward
and backward directions were in the same crop season, the above method was
applied and the weighted average was computed with the NDVI images
predicted from images on both forward and backward directions. If only one
side’s valid NDVI image was in the same crop season with the predicted
NDVI, then high-resolution NDVI was predicted with the data on that side.
Rule 3 is meant to guarantee that the NDVI data used and the target NDVI to be
predicted are in the same crop season. For farmland pixels, huge uncertainty would
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be introduced if the target NDVI image in one crop season was predicted with the
NDVI image in another crop season.
The new algorithm made changes to Equation (3) of the original algorithm. First,
the method for computing spatial distance weight was modified, then a new temporal
weighting method was proposed using both the absolute time distance and the crop
phenophase. These modifications could make better use of crops’ temporal variation
(gradualness and periodicity) and achieve a better effect in high-resolution VI
prediction. Thus, the algorithm was named STAVFM.
3.1.3. Sensitivity analysis for algorithm parameters
There are two parameters that have great influence on the predicted result: the size of
the moving window and the weighting method for other pixels in the moving
window. In the original research on STARFM (Gao et al. 2006), the size of the
moving window was defined as 1500 m by 1500 m and the spatial weighting of each
pixel was computed as the linear transformation of its Euclidean distance to the
central pixel. These parameters were adjusted with testing and analysis to better suit
the study area and the input dataset.
The size of the moving window and the weighting method of spatial neighbouring pixels worked together on the predicted result, thus different sizes of moving
windows and different weighting methods were used to evaluate their combined
effect. Different moving window sizes (750 m, 150 m and 90 m) and different
weighting methods (linear transformation of Euclidean distance, Manhattan
distance and square of Euclidean distance) were tested. Results showed that a larger
moving window size meant more neighbouring pixels contributed to the prediction
of a central pixel, which resulted in a blurred boundary for different land covers in
the predicted NDVI image. A small moving window enabled a sharp boundary for
different land covers, which could better reflect the detailed spatial distribution of the
NDVI value. An obvious trend from a blurred to sharp boundary was witnessed
when the moving window size increased.
As for the weighting method, the difference between Euclidean distance and
Manhattan distance was not obvious, while the square of Euclidean distance did
produce a sharper image. Spatial detail was better described when the weight of
neighbouring pixels decreased faster with an increase in its spatial distance to the
central pixel. But this did not indicate for certain that a better prediction could be
achieved with a faster decrease in spatial distance weight. Another issue that had to
be considered was the ‘plot phenomenon’. The MODIS pixel size plot phenomenon
refers to the foursquare patches that can be easily recognised in Figure 2. This occurs
because the temporal variation in the algorithm was characterised by MODIS. A
faster decrease in spatial distance weight will also lead to more obvious patches in the
predicted NDVI image.
Thus, the effect of different parameters on eliminating the plot phenomenon must
be considered. A proper selection of moving window size and weight for
neighbouring pixels will effectively remove the plot phenomenon produced by the
pixel boundary of low-resolution NDVI images. Taking 30 m as step length, the
moving window size from 30 m to 1500 m was cross-tested with the three weighting
methods. Using visual judgement, a conclusion was drawn that a better effect could
be achieved with 150 m as the moving window size and a linear transformation of the
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Figure 2. MODIS pixel size ‘plot phenomenon’ in a predicted NDVI image.

square of the Euclidean distance (D2*4 1) as the spatial weighting method. With
this parameterisation, a more detailed spatial variation of NDVI could be described
and no obvious plot phenomenon was observed in the predicted result. The ‘ 1’ in
the spatial weighting method was to avoid a 0 denominator in weight computation.
The weight of neighbouring pixels decreased at a speed proportional to the square of
its distance to the central pixel when the distance increased. The sharp variation at
the pixel boundary of low-resolution NDVI images was effectively eliminated.
3.2. Winter wheat biomass estimation
The accumulation of aboveground biomass is proportional to accumulated absorbed
photosynthetically active radiation (APAR) according to the Monteith model
(Monteith 1972):
X
AGB ¼
ðAPARðtÞ  eðtÞÞ
(6)
where AGB is the accumulated aboveground dry biomass in period t, o (g MJ 1)
represents the light use efficiency (LUE) and t describes the period over which
accumulation takes place. APAR can be approximated directly from photosynthetically active radiation (PAR) and the fraction of PAR absorbed by photosynthetic
tissues (FPAR). PAR (0.40.7 mm) is part of the short wave solar radiation (0.3
3.0mm) which is absorbed by chlorophyll for photosynthesis in plants, and PAR is
thus a fraction (0.48 in this study) of incoming solar radiation. PAR could be
estimated from the simple ratio (SR) by linear functions, and here FPAR was
calculated as a linear function of SR, following Sellers et al. (1996):
FPAR ¼

ðSR  SRmin Þ  ðFPARmax  FPARmin Þ
þ FPARmin
SRmax  SRmin
SR ¼

NIR 1 þ NDVI
¼
RED 1  NDVI

(7)

(8)

where NIR and RED are the near-infrared and red reflectance, respectively. SR is the
value of the SR at a given pixel, SRmin and SRmax are related to the vegetation variety

212

J. Meng et al.

(here they correspond to the 5th and 95th percentile of SR for all cropland).
FPARmin and FPARmax are defined as 0.01 and 0.95, respectively.
LUE is calculated as the product of an optimal LUE (o*) and its temperature and
water stressors:
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eðtÞ ¼ e  T1 ðtÞ  T2 ðtÞ  W ðtÞ

(9)

where o* is the typical maximum LUE for aboveground biomass when the
environmental conditions are optimal. T1, T2 and W are scalars representing
environmental stressors that reduce LUE under unfavourable conditions (Field et
al. 1995). T1 represents a physiological reduction of LUE at both very low and very
high temperatures (higher or lower than an optimal temperature (Topt (8C)), defined
as mean air temperature during the month of maximum NDVI development). T2
reduces LUE as temperatures deviate from 208C, representing constraints beyond
physiological compensation at extreme temperatures. W is a water condition downregulator. T1 and T2 are calculated using the following equations (Field et al. 1995).
2

T1 ¼ 0:0005ðTopt  20Þ þ 1
T2 ¼

1
1 þ expf0:2ðTopt  10  Tmon Þg



1
1 þ expf0:3ðTopt  10 þ Tmon Þg

(10)

(11)

where Tmon (8C) is the mean monthly air temperature.
Time series of evapotranspiration (ET) from ETWatch (Xiong et al. 2010) was
used in estimating water stress in biomass production.

4. Result
4.1. Generated NDVI dataset
The algorithm was programmed with IDL. MODIS NDVI and HJ-1 CCD NDVI in
the study area were fused taking the parameters described earlier. As for the
weighting of spectral similarity, the multiplicative inverse of NDVI difference was
used. A bigger difference will result in a smaller weight.
The absent HJ-1 NDVI images (approximately every 16 days) of the study area
were predicted. Part of the predicted high-resolution NDVI images and the MODIS
NDVI images used are presented in Figure 3.
Due to the length of the paper, only a part of the predicted results are presented
in Figure 3. With the prediction, a high spatial and temporal resolution NDVI
dataset was generated for the study area.
The general spatial distribution of predicted HJ NDVI is consistent with MODIS
NDVI of the corresponding period. The generated NDVI dataset can describe a
more detailed spatial variation of NDVI at a resolution of 30 m. The temporal
information of MODIS and the spatial information of HJ-1 CCD were integrated in
the generated dataset. The predicting effect was greatly influenced by the quality of
MODIS NDVI at T2; the noise in MODIS NDVI will be inherited by the predicted
high-resolution NDVI image.
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Figure 3. Predicted HJ-1 NDVI image (bottom) and the MODIS NDVI image (top) used.

4.2. Winter wheat biomass map
With the generated high spatial and temporal resolution NDVI dataset, the winter
wheat biomass of Yucheng was estimated. Figure 4 shows the spatial patterns of the
estimated winter wheat biomass. In the north, because of infertile farmland, biomass
is much smaller. In the south, the soil is fertile and agricultural facilities are
convenient, so biomass is obviously larger. It is the major grain producing area of
Yucheng.
Totally 48 points (in 16,300 m by 300 m plots) were distributed in the Yucheng
study area. Winter wheat biomass was collected on 15 April, 20 May and 3 June in
2009 and used to validate the monitoring result. Aboveground biomass per unit area
was estimated as the product of the average plant weight and density.
With the observed winter wheat biomass data, the fractional differences between
estimated and observed biomass of winter wheat were calculated. An average
absolute error of 17.2% was achieved. Figure 5 shows that estimated winter wheat
biomass correlated well with observed biomass (R2 of 0.876, n 144).
The slope of the fitting line is 0.919, which proved consistency between estimated
and observed winter wheat biomass. Most points are distributed along the regression
line. The regression model is significant at the level of 0.01 (with a p-value of 0.00011).

4.3. Evaluation of the improvement
To evaluate the improvement of winter wheat biomass estimation with the
generated NDVI dataset with both high spatial and high temporal resolution,
biomass was also derived with MODIS (250 m resolution). With the same field
observation data, an average relative error (ARE) of 16.3% and an R2 of 0.893
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Figure 4. Estimated winter wheat biomass map of Yucheng city (Unit: kg/ha, 3 June 3 2009).

were observed. Compared with the newly generated NDVI dataset, tiny decreases
were witnessed in both ARE (0.9%) and R2 (0.017). However, we still conclude that
there is an improvement in winter wheat biomass estimation because the spatial
resolution increased from 250 m to 30 m, while there was only a slim decrease in
accuracy. And a resolution of 30 m is the baseline for crop monitoring in the
North China Plain according to the field size in the area (Duveiller and Defourny
2010), which is of great significance for deriving the difference of crop status at the
field scale and serving field management.
We still doubt that the decrease of ARE (0.9%) and R2 (0.017) may possibly be
induced by their spatial difference. To minimise the influence of differences in spatial
resolution in accuracy evaluation and demonstrate the practical effect of applying
this generated NDVI dataset in winter wheat biomass estimation, a 30 m biomass
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Figure 5. Comparison between observed (collected on 15 April, 20 May and 3 June) and
estimated winter wheat biomass.

map was aggregated to a resolution of 250 m to spatially match the estimation result
from MODIS.
Improvement in accuracy can be seen from the second comparison between (a)
and (b) in Figure 6. Points are distributed more closely along the regression line in (b)
than in (a). The R2 between estimated and observed biomass has increased from 0.893
to 0.927. In addition, the ARE also decreased from 17.2% to 13.7%. Changes in both
the coefficient of determination and ARE support the conclusion that the winter
wheat biomass estimation could be improved by using the generated NDVI dataset.
The phenomenon of the R2 for MODIS-derived winter wheat biomass (0.893)
being higher than that of the generated high spatial and temporal resolution NDVI
before it is aggregated to the same resolution still needs an explanation. We assume
this is due to the difference in monitoring scales; some errors tend to be concealed
when the result is presented in a lower spatial resolution. This was supported by an
increased accuracy of winter wheat estimation when the result of 30 m resolution was
aggregated to 300 m resolution.

5. Conclusion and discussion
The following conclusions can be drawn from the study:

Figure 6. Comparison of crop estimation accuracy from different data sources ((a) MODIS;
(b) generated NDVI dataset and aggregated to 250 m resolution).
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(1) The concept of Digital Earth as a mechanism for integrating data from
multiple sources was put forward more than 10 years ago (Gore 1998). A
successful integration of remote-sensing images of different spatial and
temporal resolution was demonstrated by this study. A better implementation
of Digital Earth could be achieved with the technique developed in this article
by describing the land surface in finer detail.
(2) An algorithm, named STAVFM, was developed based on the modification of
STARFM to fuse VI images of different spatial and temporal resolutions.
This algorithm integrated the spatial detail of the HJ-1 CCD and the
temporal detail of MODIS to generate an NDVI dataset with both high
spatial and temporal resolution. The generated NDVI dataset retained the
temporal information from the high temporal resolution data, as well as the
spatial difference of the high spatial resolution data. A finer monitoring of
winter wheat dynamics was enabled with the new dataset.
(3) The selection of algorithm parameters had great influence on the predicted
result. A larger moving window resulted in a blurred boundary for different
land covers in the predicted NDVI image. A small moving window produced
sharp boundaries for different land covers, which better reflected the spatial
distribution of the NDVI value. Spatial detail was better described when the
weight of neighbouring pixels decreased faster with an increase in its spatial
distance to the central pixel. But this does not necessarily indicate that a
better predicting effect could be achieved with a faster decrease of spatial
distance weight. Another issue, the ability to eliminate the ‘plot phenomenon’
had to be considered. Parameterisation was necessary before the algorithm
was applied in other regions to achieve a better prediction.
(4) The phenology of the vegetation (crops) in the target area was an important
parameter in the computation of time distance weight and had great
influence on the result. Due to the spatial range of the study area and
understanding of the vegetation phenophase, a fixed crop season was used in
applying the algorithm in the region of interest. Yet, the authors recommend
the remotely sensed phenological information be taken as input when the
algorithm is applied in operational monitoring. The acquisition of vegetation
phenological information with remote sensing will improve the applicability
of the algorithm in other regions.
(5) In this article, the generated high spatial and temporal resolution NDVI data
were successfully applied in crop biomass estimation. An APAR accumulation model was driven with the dataset. With the observed winter wheat
biomass data collected on 15 April, 20 May and 3 June 3 in 2009, the
fractional differences between estimated and observed biomass of winter
wheat were calculated. An ARE of 17.2% was achieved. The estimated winter
wheat biomass correlated well with observed biomass (R2 of 0.876). The slope
of the fitting line between estimated and observed wheat biomass was 0.919,
which is also rather close to 1. The use of the generated NDVI dataset
increased the crop biomass estimation accuracy.
(6) Currently, there are several sensors that could produce NDVI at the
resolution of 2030 m, including Landsat TM/ETM, HJ-1 CCD, BJ-1
CCD and CBERS CCD. Due to the difference of different sensors and their
platforms, an inconsistency was found between NDVI images from different
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sensors. This inconsistency brings much difficulty to studies dependent on
long-term time series monitoring. A fusing algorithm to blend the NDVI
images from different sensors will be an important research field in the next
decade.
Acknowledgements

Downloaded by [Institute of Remote Sensing Application] at 21:43 14 January 2014

The research was supported by National Natural Science Foundation of China, Nos.
40801144 and 41171331; Knowledge Innovation Program of CAS, No. KSCX1-YW-09-01;
the National Key Technology R&D Program, No. 2008BADA8B02.

Notes on contributors
Jihua Meng is an associate professor at the Institute of Remote Sensing Applications, Chinese
Academy of Sciences. He received his Ph.D. in GIS and Remote Sensing from the institute in
2006. His current research interest is crop monitoring with remote sensing, as well as its
application in precision agriculture.
Xin Du is an assistant professor at the Institute of Remote Sensing Applications, Chinese
Academy of Sciences. His current research interests include crop biomass/yield estimation with
remote sensing.
Bingfang Wu is a professor at the Institute of Remote Sensing Applications, Chinese Academy
of Sciences. He is the author of more than 100 journal papers and has written one book. His
current research interests include crop monitoring with remote sensing, water resources
monitoring and regional/global eco-environment evaluation.

References
Ackerman, S., et al., 2010. Discriminating clear-sky from cloud with MODIS algorithm
theoretical basis document (Mod35), Version 6.1. Technical Report.
Busetto, L., Meroni, M., and Colombo, R., 2008. Combining medium and coarse spatial
resolution satellite data to improve the estimation of sub-pixel NDVI time series. Remote
Sensing of Environment, 112, 118131.
Coops, N.C., et al., 2006. Assessment of QuickBird high spatial resolution imagery to detect
red attack damage due to mountain pine beetle infestation. Remote Sensing of Environment,
103, 6780.
Duveiller, G. and Defourny, P., 2010. A conceptual framework to define the spatial resolution
requirements for agricultural monitoring using remote sensing. Remote Sensing of
Environment, 114, 26372650.
Field, C.B., Randerson, J., and Malmstrom, C.M., 1995. Global net primary production:
combining ecology and remote sensing. Remote Sensing of Environment, 51, 7488.
Gao, F., et al., 2006. On the blending of the Landsat and MODIS surface reflectance:
predicting daily Landsat surface reflectance. IEEE Transactions on Geosciences and Remote
Sensing, 44, 22072218.
Gore, A., 1998. The digital earth: understanding our planet in the 21st century. Presented at
the Californian Science Center, 31 January, Los Angeles, CA.
Hansen, M.C., et al., 2008. A Method for integrating MODIS and Landsat data for systematic
monitoring of forest cover and change in the Congo Basin. Remote Sensing of Environment,
112 (8), 24952513.
Hilker, T., et al., 2009. Generation of dense time series synthetic Landsat data through data
blending with MODIS using a spatial and temporal adaptive reflectance fusion model.
Remote Sensing of Environment, 113 (9), 19881999.

Downloaded by [Institute of Remote Sensing Application] at 21:43 14 January 2014

218

J. Meng et al.

Holben, B.N., 1986. Characteristics of maximum-value composite images from temporal
AVHRR data. International Journal of Remote Sensing, 7, 14171434.
Justice, C.O., et al., 1985. Analysis of the phenology of global vegetation using meteorological
satellite data. International Journal of Remote Sensing, 6, 12711318.
Justice, C.O., et al., 1998. The Moderate Resolution Imaging Spectroradiometer (MODIS):
land remote sensing for global change research. IEEE Transactions on Geoscience and
Remote Sensing, 36, 12281249.
Kaufman, Y.J., et al., 1997. The MODIS 2.1  mm channel  correlation with visible
reflectance for use in remote sensing of aerosol. IEEE Transactions on Geoscience and
Remote Sensing, 35, 12861298.
Monteith, J.L., 1972. Solar radiation and productivity in tropical ecosystems. Journal of
Applied Ecology, 9, 747766.
Pape, A.D. and Franklin, S.E., 2008. MODIS-based change detection for Grizzly Bear habitat
mapping in Alberta. Photogrammetric Engineering and Remote Sensing, 74, 973985.
Ranson, K.J., et al., 2003. Disturbance recognition in the boreal forest using radar and
Landsat-7. Canadian Journal of Remote Sensing, 29, 271285.
Roy, D.P., et al., 2008. Multi-temporal MODISLandsat data fusion for relative radiometric
normalization, gap filling, and prediction of Landsat data. Remote Sensing of Environment,
112, 31123130.
Running, S.W., et al., 1994. Terrestrial remote sensing science and algorithms planned for
EOS/MODIS. International Journal of Remote Sensing, 15, 35873620.
Sellers, P.J., et al., 1996. A revised land surface parameterization (SiB2) for atmospheric
GCMs. Part 1. Model formulation. Journal of Climate, 9, 676705.
Shevyrnogov, A., Trefois, P., and Vysotskaya, G., 2000. Multi-satellite data merge to combine
NOAA AVHRR efficiency with Landsat-6 MSS spatial resolution to study vegetation
dynamics. Advances in Space Research, 26 (7), 11311133.
van Leeuwen, W.J.D., et al., 2006. Multi-sensor NDVI data continuity: uncertainties and
implications for vegetation monitoring applications. Remote Sensing of Environment,
100, 6781.
Vermote, E.F., et al., 1997. Second simulation of the satellite signal in the solar spectrum: an
overview. IEEE Transaction of Geoscience and Remote Sensing, 35, 675686.
Xiong, J., et al., 2010. Estimation and validation of land surface evaporation using remote
sensing in North China. IEEE Journal of Selected Topics in Applied Earth Observations and
Remote Sensing, Conference special Issue, 3 (3), 337344.
Zhu, X., et al., 2010. An enhanced spatial and temporal adaptive reflectance fusion model for
complex heterogeneous regions. Remote Sensing of Environment, 114, 26102623.

