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Abstract: The objective of this study was to investigate the tempo-spatial distribution of paddy rice in Northeast China
using moderate resolution imaging spectroradiometer (MODIS) data. We developed an algorithm for detection and
estimation of the transplanting and flooding periods of paddy rice with a combination of enhanced vegetation index
(EVI) and land surface water index with a central wavelength at 2 130 nm (LSWI2130). In two intensive sites in Northeast
China, fine resolution satellite imagery was used to validate the performance of the algorithm at pixel and 3×3 pixel
window levels, respectively. The commission and omission errors in both of the intensive sites were approximately less
than 20%. Based on the algorithm, annual distribution of paddy rice in Northeast China from 2001 to 2009 was mapped
and analyzed. The results demonstrated that the MODIS-derived area was highly correlated with published agricultural
2
statistical data with a coefficient of determination (R ) value of 0.847. It also revealed a sharp decline in 2003, especially in the Sanjiang Plain located in the northeast of Heilongjiang Province, due to the oversupply and price decline of
rice in 2002. These results suggest that the approaches are available for accurate and reliable monitoring of rice
cultivated areas and variation on a large scale.
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1 Introduction
Rice (Oryza sativa L.) is the primary staple food
source for more than half of the world’s population
and has profound influence on the livelihood of farmers (Khush, 2005). Timely and reliable information
about paddy rice distribution over wide areas is a
topic of global interest and has special significance to
China, where grain accounts for more than 40% of
crop production (Shao et al., 2001). Northeast China
‡
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is the major japonica rice producing region in China
with a grain yield accounting for 44.6% of the total
output of national japonica rice in 2009 (Liu et al.,
2010). Mapping rice plant areas will also lead to more
accurate assessments of irrigation water supply (Rosenzweig et al., 2004), grain production (Amano et al.,
1993; Doraiswamy et al., 2005), and net primary
production (Ma, 2008). In addition, the rice field has
been recognized as one of the major anthropogenic
emission sources of greenhouse gases (GHGs) and
contributes to over 10% of the global atmospheric input
of methane (Neue, 1993). Monitoring and mapping of
paddy rice is thus very important for food security
assessment and planning, environmental sustainability, and government decision making (Sakamoto et al.,
2005; Zhang et al., 2009; Gumma et al., 2011).
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Steady progress has been made toward monitoring crop growth conditions and estimating crop
yield with remote sensing techniques for several
decades. Compared with the traditional census data
acquired through a sample survey, remote sensing is
more feasible and less labor-intensive for providing
spatial distribution of paddy rice in real time with its
large-area coverage and frequent revisits. In the 1980s,
a large-area crop inventory experiment (LACIE)
project using Landsat multispectral scanner (MSS)
was a satisfactory and successful trial for crop survey
with remote sensing data (Macdonald and Hall, 1980).
Okamoto and Fukuhara (1996) developed a model to
estimate the area of paddy rice fields in pixels from
Landsat thematic mapper (TM) data and perform
validation in Hokkaido and Miyagi Prefectures in
Japan. Synthetic aperture radar (SAR) is anticipated
to be the primary high-resolution remote sensing data
for rice detection, especially in tropical and subtropical regions with long-term cloudy and rainy
weather (Shao et al., 2001; Zhang et al., 2009). Satisfactory classification accuracy was obtained on a
local scale with the aforementioned high spatial
resolution satellite data. However, the temporal
analysis of land cover was constrained by the lower
temporal resolution, limited coverage extent, and high
cost of the images (Peng et al., 2011). In recent
years, moderate resolution imaging spectroradiometer
(MODIS) on board the Terra and Aqua satellites was
widely applied to monitoring rice areas and detecting
the phenology stage on a regional scale due to its
advantages of moderate spatial resolution and high
revisited periods (Sakamoto et al., 2005; Xiao et al.,
2005; Sun et al., 2009; Peng et al., 2011).
Paddy rice fields are usually prepared by flooding a few days before rice seedlings are transplanted
and have at least one wet growing season in shallow
floodwater (Neue, 1993). Since the intermittent
flooding in a paddy rice field could generate a distinct
signature, identification of the flooding and transplanting periods is the foundation of rice planting area
extraction (Malingreau, 1986; Bachelet, 1995; Xiao et
al., 2006). Spectral bands or spectral indices, which
are sensitive to both water and vegetation, are necessary for monitoring changes in the mixture of surface
water and green vegetation in paddy rice fields (Sari
et al., 2010). So far, a large number of spectral indices
have been developed by combining two or more
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bands to enhance the contrast between target (e.g.,
vegetation, water) and background and reduce effects
of atmosphere, environment, solar illumination geometry, and sensor viewing conditions. Normalized
difference vegetation index (NDVI) is constructed
based on the red and near infrared (NIR) bands, which
are located in the strong chlorophyll absorption region and high reflectance plateau of vegetation
canopies, respectively. It is correlated to the leaf area
index and chlorophyll content and has been widely
used in many ways, such as for estimating crop yield
and net primary production, identifying crop types,
and detecting land cover change (Quarmby et al.,
1993; Lunetta et al., 2006). Enhanced vegetation
index (EVI) was constructed to overcome the limitations of NDVI such as saturation in high biomass
regions, and adjust residual atmospheric contamination and background reflectance (Huete et al., 1997;
2002). A potentially better way to estimate vegetation
water content is to use indices based on infrared range
(1 240–3 000 nm). The spectral index combining NIR
with shortwave infrared (SWIR) bands has the capability of retrieving canopy water content (Ceccato et
al., 2002a; 2002b). Gao (1996) proposed a normalized difference water index (NDWI) for estimation of
vegetation liquid water using remote sensing data.
Chen et al. (2005) tested the ability of estimating
vegetation water contents of corn and soybean with the
surface reflectance at 1 640 nm and 2 130 nm, namely
NDWI1640 and NDWI2130, respectively. Hereafter
another nomenclature of NDWI named land surface
water index (LSWI) centered at 1 640 nm was used for
identifying water properties in the flooding and
transplanting stages of paddy rice with the condition
of LSWI+threshold (T)≥NDVI or LSWI+T≥EVI
(Xiao et al., 2005; 2006; Sun et al., 2009). However,
Kim et al. (2004) reported that the water index LSWI
using the SWIR band centered at 2 130 nm appeared
to be more useful for detecting vegetation water
status. The SWIR band centered at 2 130 nm is less
affected by ozone and Rayleigh scattering, water
vapor, and aerosols than that at 1 640 nm and has a
good response to cumulative rainfall (Vermote et al.,
1997; Chandrasekar et al., 2010). Therefore, the
combined index LSWI using NIR and SWIR centered
at 2 130 nm (viz. LSWI2130) was used in this study.
The objective of this study is to: (1) verify the
potential of LSWI2130 combined with EVI to identify
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the flooding and transplanting stages of paddy rice in
Northeast China; (2) evaluate the performance of our
algorithm in main rice producing regions of Northeast
China with TM images; (3) analyze the tempo-spatial
distribution of rice in Northeast China during the
period 2001–2009.

2 Materials and methods
2.1 Study area and data
2.1.1 Study area
Northeast China, encompassing three provinces
of Heilongjiang, Jilin and Liaoning, is one of the most
important agricultural production bases in China. The
study area extends in longitude from 118°50′5″ E to
134°46′26″ E and in latitude from 38°43′15″ N to
53°33′39″ N with a territory of 7.9×105 km2 of which
nearly 30% is arable (Fig. 1). Annual precipitation in
the study area varies widely from 480 mm in the west
to 900 mm along the east coast. This area has a boreal
climate with an annual temperature of around 1–7 °C

and the frost-free period was about 80–180 d (Liu et
al., 2005). The unique pattern of vegetation distribution and different population diversities was formed
in the whole region because of its specific geographical and meteorological features (Luo et al.,
2009; Zhang L.Z. et al., 2011). Paddy rice is one of
the staple crops in Northeast China with high annual
yield and taste quality because it is cultivated as a
single-season crop in the major alluvial plains with a
gentle and flat topographic relief, abundant precipitation, and fertile soils without any organic matter
amended (Zhang Y. et al., 2011).
2.1.2 Satellite data
The National Aeronautics and Space Administration (NASA) provides different MODIS products
processed with standard correction algorithms to
users for free (available at http://reverb.echo.nasa.
gov/reverb/). The MODIS/Terra surface reflectance
8-d product (MOD09A1) is composed so as to have
the best observation for each pixel and the lowest
value of band 3 (blue band) over the 8-d period and
has already been systematically corrected for the
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Fig. 1 Digital elevation model (DEM) of study area and the extent of TM images used as validation data in two intensive sites: site A (red: band 5; green: band 3; blue: band 4) and site B (red: band 7 (Sept. 5, 2007); green: band 3
(Sept. 5, 2007); blue: band 1 (July 19, 2007))
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effects of gases, thin cirrus clouds, and aerosols
scattering and absorption (Vermote and Vermeulen,
1999). MOD09A1 also includes two quality assessment (QA) datasets at pixel and band levels, which
are essential for users to note the scientific quality of
the products with regard to their intended performance and remove areas of persistent cloud (Roy et al.,
2002). Each tile covers an area of 1 200 km×1 200 km
and is produced at a spatial resolution of approximately 500 m with sinusoidal projection. In this study,
five tiles (h25v03, h26v03, h26v04, h27v04, h27v05)
in the period 2001–2009 were necessary for covering
the whole region of Northeast China. Mosaic and
reprojection of downloaded MODIS data were preprocessed with MODIS reprojection tool (MRT)
provided by the U.S. Geological Survey (USGS) Earth
Resources Observation and Science (EROS) Center.
In this study, we selected two intensive sites (A
and B) as the test regions (Fig. 1). Cloud-free or
nearly cloud-free Landsat TM data at 30-m resolution
for bands 1, 2, 3, 4, 5, 7 plus 120 m for band 6 were
obtained and used to evaluate the performance of our
algorithm for extracting paddy rice with MODIS data
and to validate their accuracy (Table 1). The
downloaded TM images were resized and reprojected
to Albers equal conic projection. A paddy rice binary
map of these sites was obtained from TM images
using the maximum likelihood method.
Table 1 Specification of Landsat TM images used in
the intensive sites
Site
No.
A
B

Location

Acquired date

Heilongjiang
Liaoning

June 14, 2007
June 17, 2007
July 19, 2007
Sept. 5, 2007

Path/row
number
114/28
119/31

2.1.3 Ancillary data
Annual provincial agricultural census data of the
rice sown area and producer price indices of rice were
collected from the China Statistical Yearbook and
China Rural Statistical Yearbook databases, respectively (available at http://tongji.cnki.net/). Annual
provincial agricultural census data were used as
validation data to evaluate the performance of results
derived from the MODIS algorithm. A digital administrative map of Northeast China was provided by
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the China National Fundamental Geographic Information System.
2.2 Methodology for extracting paddy rice pixels
2.2.1 Spectral index calculation and reconstruction
With the intention of discriminating paddy rice
planting pixels with MODIS data, four spectral indices, namely NDVI, EVI, LSWI2130, and normalized
difference snow index (NDSI), were calculated using
the following equations:
(1)
NDVI=(ρband2−ρband1)/(ρband2+ρband1),
EVI=(ρband2−ρband1)/(ρband2+6.0ρband1−7.5ρband3+1), (2)
(3)
LSWI2130=(ρband2−ρband7)/(ρband2+ρband7),
(4)
NDSI=(ρband4−ρband6)/(ρband4+ρband6),
where ρband1, ρband2, ρband3, ρband4, ρband6, and ρband7 are
the surface reflectances of band 1 (red), band 2 (NIR),
band 3 (blue), band 4 (green), band 6 (SWIR: 1 640 nm),
and band 7 (SWIR: 2 130 nm), respectively. The potential of LSWI to estimate vegetation water content
and rainfall accumulation makes it possible to identify the flooding and transplanting periods of paddy
rice, of which the spectral characteristic is predominated by water.
Cloud-contaminated pixels were extracted according to the QA description of MOD09A1. In addition, the pixels whose reflectance of the blue band
was greater than 0.1, but not labeled as clouds in the
cloud quality flag of MOD09A1 dataset, were removed as abnormal data because of the effect of thick
clouds (Sakamoto et al., 2005). NDSI was calculated
with the green and SWIR (1 640 nm) bands (Eq. (4)).
Snow cover pixels were identified with the threshold
NDSI≥0.40 and band 2 reflectance>0.11 (Hall et al.,
2002).
In order to avoid underestimating the result
caused by missing data contaminated by cloud, we
interpolated the missing data in NDVI and EVI
time-series data with local maximum fitting (LMF):
VI′t=min[max(VIt−3, VIt−2, VIt−1, VIt),
max(VIt+3, VIt+2, VIt+1, VIt)],

(5)

where VI′t and VIt are the reconstructed and observed
vegetation indices at time t, respectively (Wada and
Ohira, 2004).
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2.2.2 Characteristics of spectral indices in rice
flooding and transplanting periods

1.0

0.5LSWI2130
EVI
LSWI2130

Snow

Spectral index

0.7

Paddy rice in Northeast China is well irrigated
and planted on flooded soil. During the flooding and
transplanting periods, the spectral reflectance is
mainly predominated by water since the field is a
mixture of water of 2 to 15 cm depth and rice seedlings (Xiao et al., 2002). In the test rice field, located
in Liaozhong County, Liaoyang City, Liaoning
Province (122°54′19″ E, 41°36′ N), the spectral indices such as LSWI2130 and EVI were analyzed.
According to the phenological data observed at the
meteorological station, the transplanting period and
heading stage of paddy rice in Liaozhong County
began on May 17 and Aug. 1. As shown in Fig. 2, the
reconstructed seasonal EVI time profile had a single
peak in Aug. 2, which was well consistent with the
agricultural cropping system of single rice. LSWI2130
varied significantly in water content and increased
sharply a few days after the transplanting period.
Henceforward, LSWI2130 increased more slightly
than EVI after about 20 d of the transplanting period
with the subsequent rapid vegetation growth of the
rice. The seasonal profile of LSWI2130 kept increasing since the beginning of the flooding and transplanting periods and reached a maximum in early
August. As a result of snow cover and melting,
LSWI2130 presented high value in early March and
late December of the year. EVI was found to be
higher than 0.5LSWI2130 in the flooding and transplanting stages which lasted for about two to three
8-d (Fig. 2). Accordingly, we developed a hypothesis
for identifying flooding and transplanting pixels:
LSWI2130>2EVI in the test rice field. Afterwards, a
second procedure to determine the rice pixel was
implemented using the assumption that the mean EVI
of the 7th to 11th 8-d composites is greater than or
equal to 0.45. In fact, since individual farmers have
different planting schedules, the cropping pattern of
paddy rice in Northeast China varied both spatially
and temporally. According to the records of agricultural meteorological stations, the transplanting
data of paddy rice in Northeast China began from
May to June, so that for each MOD09A1 tile from
May to June, the initial rice map was generated and
then merged into one rice map.
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Fig. 2 Seasonal dynamics of spectral indices of paddy
rice in Liaozhong County, Liaoyang City, Liaoning
Province (122°54′19″ E, 41°36′ N) in 2007

2.2.3 Supplementary mask layer for rice extraction
algorithm
In addition, it is necessary to separate the persistent watershed, wetland, and forest from the extracted rice field. The persistent water pixels with
hydrophytes can be misidentified as paddy rice using
the above-mentioned algorithm. In order to exclude
the overestimation of paddy rice caused by persistent
water, we analyzed the temporal profiles of NDVI
and LSWI2130, and assumed that a pixel was covered
by water if NDVI<0.1 and LSWI2130>0.2. The pixel
was identified as persistent water if it was found to be
covered by water in twenty or more 8-d composites
all through the year. Then the annual persistent water
maps were generated and excluded from the paddy
rice results.
Furthermore, the flooded forest, shrub, and wetland should be separated from the paddy rice. The
seasonal NDVI profile is deemed as an indicator of
greenness of vegetation and has been widely used to
define the key phenological phases of vegetation
dynamics by identifying its starting, ending, and inflexion points (Zhang et al., 2003). Forest and natural
wetland vegetations in Northeast China have a long
growing season period from mid-late April to mid
October and a consistently high NDVI (or LSWI2130)
throughout the year. Moreover, the high NDVI (or
LSWI2130) of paddy rice merely lasts for a few 8-d.
According to the comparison of NDVI and LSWI2130,
we found that forest and wetland could be discriminated from paddy rice if the MODIS pixel satisfied
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the relation NDVI>0.4 and NDVI−LSWI2130>0.05
over 15 8-d composites during the year.
2.3 Companion Landsat TM data processing and
accuracy assessment
In order to evaluate the performance of our
MODIS-based algorithm, the classification result of
the companion TM imagery at each intensive site was
degraded to the same spatial resolution as MODIS
data using the pixel aggregate method and used as the
rice reference map for further validation (Barker and
Burelhach, 1992; Fang and Liang, 2005). The accuracy was used to describe the agreement of results
with the rice reference map. An error confusion matrix was applied in assessing commission error (CE;
percentage of falsely identified rice pixels in the
MODIS results) and omission error (OE; percentage
of true rice pixels not found in the rice reference map).
The formulae used for accuracy assessment were
determined as
CE=Ncommit/NMODIS×100%,
User’s accuracy=100%–CE,
OE=Nomit/NTM×100%,
Producer’s accuracy=100%–OE,

(6)
(7)
(8)
(9)

where Ncommit and Nomit represent the amount of
commit and omit paddy rice pixels, respectively, and
NMODIS and NTM represent the amount of paddy rice
pixels in the MODIS algorithm and aggregated rice
reference map, respectively.
The accuracy assessment was first applied at the
pixel level, which means that each pixel in the
MODIS-derived result was compared to the rice reference binary map. Furthermore, in order to compensate for potential edge effects caused by the spatial
aggregation of the TM image and the geometrical
mismatch between TM and MODIS data, the assessment was implement using the 3×3 pixel moving
window (Zhan et al., 2000; Fang and Liang, 2005).

3 Results
3.1 Accuracy assessment of paddy rice extraction
algorithm with rice reference map in the intensive
sites
At pixel level, the accuracy assessment was
conducted per pixel with the comparison between
MODIS-derived rice distribution and the rice reference map. In site A, the CE and OE were 26% and
49%, respectively, i.e., the user’s and producer’s
accuracies were 74% and 51%, respectively (Table 2).
In site B, the CE and OE were 50% and 25%, respectively, i.e., the user’s and producer’s accuracies
were 50% and 75%, respectively (Table 2). According to the accuracy assessment in these intensive sites,
we found that the user’s and producer’s accuracies
both ranged from 50% to 75%. Fig. 3 shows the partial enlargement of the MODIS-derived rice map and
original TM color composite image in which the rice
area was obviously labeled out. Visual inspection in
Fig. 3 revealed significant differences between the
rice binary maps derived from MODIS and original
TM imagery. Because of the huge differences in
spatial resolution and radiometric quality between
MODIS and TM data, it is difficult to co-register the
TM image with respect to MODIS data by identifying
exact common ground control points. Actually, the
neighboring pixels around the identified rice distribution region were fatal, resulting in great error when
conducting accuracy assessment per pixel.
Therefore, in order to compensate for the error
caused by geometrical mismatch, we calculated the
CE and OE for each 3×3 pixel moving window (Zhan
et al., 2000). If a pixel was identified as paddy rice
with the MODIS algorithm and any pixel in the 3×3
pixel window around it was not labeled as rice in the
rice reference map, we consider it as a committed
pixel. Otherwise, we consider that the identified pixel
based on our algorithm was correct if there was any
pixel labeled as rice in the rice reference map.

Table 2 Error matrix of MODIS-derived results at the intensive sites
Test
field
A

Commission
error (%)
26

B

50

Pixel level
User’s
Omission
accuracy (%)
error (%)
74
49
50

25

Block level (3×3 pixel window)
Producer’s Commission
User’s
Omission Producer’s
accuracy (%) error (%)
accuracy (%) error (%) accuracy (%)
51
2
98
21
79
75

16

84

6

94
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Fig. 3 Comparison of the partial enlargement of rice maps derived from MODIS images and color composite images of TM at two intensive sites (A & B)
(a, c) MODIS-derived rice maps of sites A and B, respectively; (b, d) Respective enlarged images in the blue rectangle in
(a) and (c), respectively; (e, f) Respective TM composite images overlaid by boundary of RiceMOD in (b) and (d). RiceMOD
and RiceTM are the rice pixels derived from MODIS and TM imageries, respectively

For the calculation of OE, if a pixel was labeled as
rice in the rice reference map and any pixel in the 3×3
window around it was not identified as a rice pixel
with the MODIS algorithm, we considered it as an
omitted pixel. With this criterion, the CE and OE at
the 3×3 pixel moving window in site A were 2% and
21%, respectively, while the user’s and producer’s
accuracies were 98% and 79%, respectively. In site B,
the CE and OE at the 3×3 pixel moving window were

16% and 6%, respectively, while the user’s and producer’s accuracies were 84% and 94%, respectively.
Compared with the accuracy at pixel level, the errors
were reduced and were more reasonable for evaluating the performance of our algorithm by depressing
the spatial mismatching phenomena. The results
demonstrated that the MODIS algorithm was very
consistent with the actual distribution and reliable in
extracting the paddy rice area on a regional scale.
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3.2 Tempo-spatial distribution of paddy rice in
Northeast China
The annual spatial distribution of paddy rice in
Northeast China in the period from 2001 to 2009 was
mapped using our algorithm (Fig. 4). Paddy rice was

cultivated in the vast majority of Northeast China
except for Daxing’anling City at high latitude. Paddy
rice fields in Northeast China were mainly concentrated in three major alluvial plains, viz. Sanjiang
Plain, Songnen Plain, and Lower Liaohe Plain, and
regions along the river basin with abundant irrigated

2001
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2004

2005

2006

2007

2008

2009

Legend
0 100 200 300 400

km

Paddy rice
Provincial boundary
Municipal boundary

Fig. 4 Spatial distribution of paddy rice in Northeast China from 2001 to 2009 derived from MODIS data
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500
400

Area (×102 km2)

water supply and favorable meteorological conditions
for rice cultivation. The Sanjiang Plain is a low alluvial plain located in northeastern Heilongjiang including Jiamusi, Shuangyashan, Jixi, Hegang, and
Qitaihe Cities and developed by three major rivers,
namely Heilong River, Songhua River, and Ussuri
River with an elevation of 40‒90 m. Songnen Plain is
formed by the Songhua River and Nen River and lies
in the central region of Northeast China covering the
majority of Qiqihar, Suihua, Daqing Cities in the
southwest of Heilongjiang Province and Harbin City
in Jilin Province. The Lower Liaohe Plain is the alluvial plain of the Liao River and is located in the
central part of Liaoning Province.
The planting area of paddy rice according to agricultural statistical data in Northeast China has been
increasing in general each year, except for 2003. The
interannual variation trend in MODIS-derived paddy
rice in Northeast China was consistent with the agricultural census data (Fig. 5). The overall census and
MODIS-derived paddy rice acreages in Northeast
China increased by about 14 610 km2 and 14 888 km2
from 2001 to 2009, respectively. The increase in the
rice planting area was mainly concentrated in the
Sanjiang Plain with the enhancement of the agricultural irrigated infrastructure and mechanization and
breeding of salt tolerant rice varieties. Compared with
2001, the growth rate of the total rice acreage at the
end of 2009 was 60%, regardless of the agricultural
census or MODIS-derived area. It demonstrated that
the paddy rice area derived from MODIS data was
confirmed as valid for detecting the rice plant area
and evaluating the interannual variation on a large
scale. There was a significant and sudden decline in
paddy rice in northeast of the Sanjiang Plain in Heilongjiang Province and valley along the East Liao
River, Yinma River, and Liu River in the center of
Jilin Province in 2003 (Fig. 4). With the rapid development of rice production, the phenomena of a
huge backlog and oversupply of rice had become
more serious for farmers in Northeast China in 2002.
Furthermore, the decline in the producer price index
(PPI) of rice in Liaoning, Jilin and Heilongjiang
Provinces in 2002 was a direct economic factor requiring farmers to adjust and optimize the planting
structure of paddy rice (Fig. 6).
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MODIS-derived

0
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Year
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Fig. 5 Interannual variation of the paddy rice growing
area derived from MODIS data and agricultural census
data in Northeast China during years 2001‒2009
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Fig. 6 Variation in the rice producer price index in
Liaoning, Jilin, and Heilongjiang Provinces during years
2002‒2009
Data source: China Rural Statistical Yearbook Database
(http://tongji.cnki.net/)

3.3 Validation of MODIS-derived rice planting
area with census data
It is a challenge to conduct a field investigation
to find the actual planting area of paddy rice in the
large extent of Northeast China. Therefore, the published agricultural census data were used to compare
the results derived from MODIS data. Fig. 7 showed
that the total planting area of paddy rice in Northeast
China identified using the MODIS-based algorithm
has a significant correlation (R2=0.847) with the sown
area of paddy rice described in the statistical yearbook
from 2001 to 2009. It also indicated that the regression line approached the 1:1 diagonal well.
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For further analysis, we aggregated and validated the paddy rice area in each city of Liaoning and
Jilin Provinces. It should be mentioned that the state
farms scattered all over Heilongjiang Province were
regarded as an integrated unit in annual provincial
MODIS-derived area (×102 km2)
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Regression line
1:1 diagonal
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y=0.9644x
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agricultural statistics and were not taken into account
in the municipal statistical data, despite their geographical location. Thus, the census data at municipal
level of Heilongjiang Province were excluded in the
further analysis due to its inaccuracy. Fig. 8 denoted
that the annual paddy rice area derived from the
MODIS-based algorithm was in general agreement
with municipal statistical data and the scatters concentrated in the vicinity of the 1:1 line. It demonstrated that the high errors in the MODIS-derived area
occurred in the cities where the total statistical paddy
rice area was less than 300 km2 and accounted for less
than 3% of the territories, such as Benxi, Chaoyang,
Dalian, Fushun, and Fuxin Cities in Liaoning Province and Liaoyuan City in Jilin Province. In addition,
the rice plant area was overestimated especially in
Panjin City, which lies in the central region of the
Liaohe Delta and has a high fractional paddy rice
plant area, mainly because of the large area of everglades to be found there.
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4 Discussion and conclusions
An algorithm for extracting a paddy rice field
was proposed in this study. The short-wave NIR band
(2 105‒2 155 nm) of MOD09A1 was taken into account for the identification of the flooding and transplanting stages of paddy rice with the special spectral
characteristics of high water content and low vegetation cover at canopy and satellite level. We compared
temporal profiles of MODIS-derived spectral indices
of different land cover types at 500-m resolution and
hypothesized that a pixel was identified as a potential
flooding or transplanting one using the threshold
LSWI2130>2EVI. With the validation of paddy rice
distribution derived from fine resolution imagery
(Landsat TM) at two intensive sites, the user’s and
producer’s accuracies were both approximately
greater than 80% at the block level (3×3 pixel moving
window). The results derived from MODIS data using
our improved algorithm were well consistent with the
agricultural statistical data on the regional and municipal scales in the period from 2001 to 2009 both in
spatial distribution and quantity. This approach is an
attempt to highlight the potential of spectral index
LSWI2130 in rice extraction using MODIS time-series
analysis. Our algorithm is suitable for analyzing the
interannul variability of a rice planting area on the
regional scale. Wetland, which is distributed widely
in Northeast China, is always difficult to separate
from rice. Compared with the results of Sun et al.
(2009), we took the wetland into consideration and
improved the ability to exclude wetland.
However, there were still deficiencies in the
MODIS-derived results with respect to the following
factors. Firstly, an MODIS pixel in the MOD09A1
product has an actual spatial resolution of about 463 m
and an area of 214 369 m2. It is difficult and unreasonable to identify the pixel with a low abundance of
paddy rice as a rice pixel. With the exception of the
major plains in Northeast China, paddy rice in our
study area, especially Jilin Province, often occurs in
parcels that are much smaller than a 500-m MODIS
pixel, of which the spectral characteristic was an
integration of various land cover types. The coarse
resolution of MODIS would result in an underestimation of the extent of paddy rice in the regions with
complicated topography and fragmentary fields with
individual management. Secondly, pixels contami-

nated by clouds and their shadows in the flooding and
transplanting periods over several 8-d periods would
be omitted in our algorithm although we had reconstructed the EVI temporal profile to interpolate the
contaminated ones. MODIS 8-d composites were
generated by selecting the date within the 8-d period
with minimum value of the blue band which denoted
the clearest atmospheric condition for each pixel. This
method might omit some observations associated
with the transplanting period. Although the daily
reflectance product could be applied to further
analysis with its ability for us to obtain the critical
flooding and transplanting dates, the trouble with data
redundancy and contaminated phenomena is also
present and must to be taken into account. Finally, the
results might be overestimated in certain regions
since a few areas of natural wetland vegetation or
other cropland with persistent rainfall in the initial
phase might be misclassified as paddy rice, despite
typical wetland vegetation having been taken into
consideration in this algorithm.
Although there are still some uncertainties in the
data acquisition and processing, the advantage of
large coverage, frequent revisits, and low cost of
MODIS data is a better choice for constructing a
reliable rice database over the past decade. Farmers
always have different rice transplanting schedules, so
an algorithm with analysis of time series spectral
indices is more suitable for application on a large
spatial scale. Our work can also provide a spatial
database for estimating yield, net primary production,
greenhouse gas emission, and ground water management in a rice field on a large scale.
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