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a  b  s  t  r  a  c  t

Accurate  monitoring  of irrigated  paddy  field  area  and  irrigation  timing  are  of  a great  concern  in  agri-
cultural  water  management  due  to the  substantial  consumption  of  fresh  water  when  irrigating  paddy
fields.  Spectral  threshold  methods  (Xiao  et al.,  2005)  have  been  widely  applied  to  detect  irrigated  paddy
fields  and  irrigation  timing  using  Moderate  Resolution  Imaging  Spectroradiometer  (MODIS)  Enhanced
Vegetation  Index  (EVI)  and  Land  Surface  Water  Index  (LSWI).  These  methods  applied  constant  additive
threshold  values  (T) to  LSWI  and  compared  it to EVI to  detect  the  irrigated  paddy  fields.  In  this  study,
we  developed  Variable  Threshold  Models  that  utilized  different  pixel-based  threshold  values  depend-
ing  on  sub-pixel  land  cover  heterogeneity  and hence,  improve  detection  performance  on  distributed
small-scale  paddy  fields.  Non-irrigated  sub-pixels  were  quantified  with  irrigation  maps  produced  by
Synthetic  Aperture  Radar  (SAR)  microwave  images.  Significant  positive  correlation  between  EVI  and  the
sub-pixel  numbers  of  non-irrigated  area  were  found  (r  = 0.87),  which  resulted  in higher  T  for  MODIS  pix-
els with  more  non-irrigated  sub-pixels.  Accordingly,  a Variable  Threshold  Model,  i.e. a  regression  model
between  T and  EVI,  was  developed.  With  the  Variable  Threshold  Model,  agreement  rates  between  MODIS

and SAR-based  irrigated  small-scale  paddy  field  classification  doubled  compared  with  that  from  a  fixed
threshold  value.  In  comparison  with  field observations,  the  Variable  Threshold  Models  showed  a  mean
error of +0.9  days,  an  improvement  over  the  mean  error  of  +2.8  days  from  a  fixed  threshold  model.
Combined  utilization  of  SAR  and  MODIS  images  provides  a useful  tool  for  developing  a  Variable  Thresh-
old  Model  that can enhance  accurate  monitoring  of  irrigation  dates  across  heterogeneous  paddy  field
regions.

© 2012 Elsevier B.V. All rights reserved.
. Introduction

Rice is one of world’s major food resources, supporting more
han 50% of the world population (Bouvet and Toan, 2011). The
rea covered by paddy rice fields has increased by +80 M ha yr−1

UNDESA, 2004), which may  lead to increased demands for fresh
ater to irrigate new paddy rice fields. Such increased demand
ay  result in water resource problems in water-limited areas.

rrigation of paddy fields in Asia accounts for approximately 70%
f fresh water outflows (Samad et al., 1992), and in some Asian
ountries over 95% of fresh water is used for irrigation (FAOSTAT,

001; Xiao et al., 2006). Paddy field irrigation can also enhance
vapotranspiration, which may  result in an imbalance of local and
egional water budgets. Hence, reliable monitoring of irrigation

∗ Corresponding author. Tel.: +82 33 250 8578; fax: +82 33 251 3991.
E-mail address: kangsk@kangwon.ac.kr (S. Kang).

378-3774/$ – see front matter ©  2012 Elsevier B.V. All rights reserved.
ttp://dx.doi.org/10.1016/j.agwat.2012.08.012
timing is an important concern in areas with insufficient water
resources.

Satellite remote sensing has been utilized as a useful alterna-
tive means for monitoring irrigated area and irrigation timing over
large areas, because acquiring irrigation data is highly limited in
many countries and partially available only for administrative man-
agement units (Ozdogan et al., 2010). Since Moderate Resolution
Imaging Spectroradiometer (MODIS) images have been available
since 2000, there has been considerable progress in estimating the
spatial distribution of irrigated fields (Xiao et al., 2005; Sakamoto
et al., 2007; Sun et al., 2009; Gumma  et al., 2011) and the timing
of irrigation using the MODIS spectral indices (Jeong et al., 2011;
Peng et al., 2011).

Xiao et al. (2005) proposed a simple threshold algorithm to

detect paddy rice fields using MODIS EVI (Enhanced Vegetation
Index), NDVI (Normalized Difference Vegetation Index), and LSWI
(Land Surface Water Index). EVI and NDVI are vegetation indices
sensitive to vegetation greenness and biomass, while LSWI is a

dx.doi.org/10.1016/j.agwat.2012.08.012
http://www.sciencedirect.com/science/journal/03783774
http://www.elsevier.com/locate/agwat
mailto:kangsk@kangwon.ac.kr
dx.doi.org/10.1016/j.agwat.2012.08.012
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pectral index sensitive to moisture content of the land surface.
ny MODIS pixel meeting the condition, LSWI + T ≥ EVI (or NDVI),
as identified as a paddy rice field. Here, T is a constant additive

hreshold value.
The threshold algorithm was based on their findings in south-

rn China and Southeast Asia, from which paddy rice fields showed
igher LSWI values than NDVI (or EVI) during the period of irrigat-

ng or transplanting. Compared to their earlier study (Xiao et al.,
002), they applied a constant additive threshold (T = 0.05) for
SWI to slightly relax the condition of the difference between
SWI and EVI (or NDVI) for irrigation detection because green non-
rrigated sub-pixels can cause higher EVI (or NDVI) compared to
ure irrigated paddy field pixels during irrigation periods. Although
hreshold (T) enhanced detection of irrigated paddy fields and tim-
ng was introduced, there were still several problems caused by
ackground reflectance from other components such as ditches,
oads, other crops, temporal mixing of irrigation caused by early
nd late transplanting, and single or multiple cropping.

Sun et al. (2009) and Peng et al. (2011) separated the planted
rea based on rice cropping systems and modified the thresh-
ld (T) accordingly: rice fields were separated into early and late
ice fields. The improvements from this approach were most dis-
inguishable in detecting irrigated area and irrigation timing of
arge-scale paddy fields, but significant uncertainty still remained
n regions with highly distributed small-scale paddy fields. Jeong
t al. (2011) applied the irrigation detection algorithm suggested by
iao et al. (2005) and Peng et al. (2011) in the Republic of Korea with
ixed results: irrigated areas were overestimated for regions with

arge-scale paddy rice fields, while those with small-scale paddy
ice fields were underestimated. Similar uncertainties were also
eported by other studies using the method of Xiao et al. (2005),
specially for the small-scale paddy field regions (Uchida, 2007;
slam et al., 2010). A major cause of such uncertainties is the back-
round reflectance from green non-irrigated sub-pixels within a
ODIS EVI pixel (Sun et al., 2009; Jeong et al., 2011). The green non-

rrigated portion tends to increase MODIS EVI (or NDVI) during the
rrigation period, which subsequently requires a higher threshold
T) to detect the paddy field irrigation.

Reliable information on the counts of irrigated and non-irrigated
ub-pixels is required to determine the effects of non-irrigated
ub-pixels on MODIS spectral indices and hence, to determine the
ppropriate threshold (T) to minimize uncertainty from the mixed-
ixel problem. Synthetic Aperture Radar (SAR) satellite imaging is

 useful tool for differentiating irrigated paddy fields from other
andforms and non-irrigated paddy rice fields because of its high
ensitivity to surface water (Lee, 2006; Islam et al., 2010). In addi-
ion, the higher spatial resolution of SAR image compared to MODIS
nables quantification of sub-pixel heterogeneity, assessment of
ts effect on the MODIS spectral indices, and analysis of errors
aused by using coarse resolution MODIS images in determining
he irrigation timing and the irrigated paddy rice fields (Park et al.,
005; Sakamoto et al., 2007).

In this study, the MODIS-based irrigation detection algorithm
roposed by Xiao et al. (2005) was improved, with the particular
urpose of reducing detection uncertainty caused by distributed
mall-scale paddy field regions. Our approach utilized SAR-based
rrigated paddy field maps to develop the Variable Threshold Model
or the threshold (T) in conjunction with MODIS EVI.

. Materials and methods
.1. Study area and land cover characteristics

The development of the Variable Threshold Model was  con-
ucted in the Yedang wide plains located in the mid-west of the
Fig. 1. Main land cover map  of raster form (20 m)  developed by the Ministry of
Environment in the Republic of Korea. The square is the test area used to determine
the error factor from land cover heterogeneity.

Republic of Korea. Both large and small-scale paddy fields are mixed
within the extent of each available Radarsat-1 SAR image (Fig. 1).
The annual average temperature and the annual total precipita-
tion of this region ranged from 10 to 16 ◦C and 1000 to 1800 mm,
respectively. Based on the National Land Cover Map  (5 m resolu-
tion, produced by Ministry of Environment of Korea), 64.2% of the
region is covered with forest, 10% by paddy rice fields, 8.3% by dry
crop fields, and 17.5% by other land cover classes.

The validation of the Variable Threshold Model was  based on six
sites in Korea and one site in Japan, where field observation data
on irrigation dates and field photos were available between 2001
and 2010 (Moon et al., 2003; Lee et al., 2005) (Table 1). As a final
step, the Variable Threshold Model to the entirety of South Korea
was applied to examine the spatial variation of irrigation dates.

Previous studies using the threshold method tried to detect
both paddy field area and irrigation date, and hence, they devel-
oped their own MODIS-based paddy field maps that contain some
uncertainties in the classification process. However, since the
primary concerns were the improvement of the MODIS-based
detection performance of distributed small-scale paddy rice fields
and irrigation timing, the study was confined to only predeter-
mined paddy rice areas that were extracted from the National Land
Cover Map. The National Land Cover Map  was  aggregated into 20 m
and 500 m resolution land cover maps to meet the spatial scales
of SAR and MODIS, respectively. In the aggregation process, sub-
pixel numbers for rice paddies, dry crop fields, and forests within a
500 m MODIS pixel were counted separately, which was  later uti-
lized to examine the relationships between MODIS spectral indices
and sub-pixel land cover heterogeneity.

2.2. Data collection and manipulation
Two types of satellite images were collected in this study: two
radarsat-1 SAR images from 2003 and MODIS 8-day reflectance
products from 2001 to 2010. By producing 20 m resolution maps
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Table  1
General information on the evaluation sites of the Variable Threshold Model.

Site number Site name Location Annual mean
temperature (◦C)

Annual mean
precipitation (mm)

Data year Irrigation
period (DOY)

1 ChoonCheon1 (Korea) 37◦54′ 15.18′ ’N, 127◦43′ 55.58′ ′E
10.9 1266

2010 120–150
2 ChoonCheon2 (Korea) 37◦54′ 16.89′ ′N, 127◦44′ 03.7′ ′E 2010 125–130
3  Icheon1 (Korea) 37◦12′ N, 127◦26′ 37.8′ ′E

11.2 1329
2010 117–131

4  Icheon2 (Korea) 37◦26′ 05.8′ ′N, 127◦26′ 34.4′ ′E 2010 121–131
◦ ′ ′ ′ ◦ ′ ′ ′

o
t
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i
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i
i
fi
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i
E

5  Icheon flux (Korea) 37 18 20.34 N, 127 30 40.46 E 

6  Hari flux (Korea) 37◦4′N, 126◦2′E 

7 MASE  flux (Japan) 36◦03′ 14.3′ ′N, 140◦01′36.9′ ′E

f irrigated paddy fields, the SAR images were utilized to estimate
he fraction of irrigated and non-irrigated portions within a MODIS
ixel. Two spectral indices, EVI and LSWI, were calculated from
he MODIS reflectance products, which were applied to determine
rrigated pixels and irrigation timing.

.2.1. Radarsat-1 SAR images
Radarsat-1 SAR images taken on May  6 (day of year [DOY] 126)

nd May  30 (DOY 150) in 2003 were collected for the Yedang wide
lains (Fig. 2). Radarsat-1 SAR images have a spatial resolution of
0 m,  and record backscattering radiation at a wavelength of 5.6 cm
C-band) with an incidence angle of 39◦. A two-step data processing
or the SAR images was performed to produce reference maps of
rrigated paddy fields. First, the paddy rice fields identified in the
orea Land Cover Map  were extracted from the SAR images. Sec-
nd, for the extracted SAR pixels only, supervised classification was
mplemented to identify the irrigated paddy fields with a train-
ng dataset determined by visual interpretation of irrigated paddy

elds. Based on the SAR irrigation maps, the number of irrigated
AR pixels was recorded for every 500 m MODIS pixel to produce
rrigation count maps with a spatial resolution identical to MODIS
VI.

Fig. 2. SAR-based irrigated paddy rice fields obtained using the super
2003 120–131
10.8 1139 2002 126–130
13.7 1200 2001–2004 108–124

2.2.2. MODIS EVI and LSWI
This study used Terra MODIS 8-day composite surface

reflectance products (MOD09A1) from 2001 to 2010. The 500 m res-
olution reflectance data from blue (�blue, 459–479 nm), red (�red,
620–670 nm), near infrared (�nir, 841–875 nm), and shortwave
infrared (�swir, 2105–2155 nm)  were utilized to calculate EVI and
LSWI:

EVI = �nir − �red

�nir + 6�red − 7.5�blue + 1
(1)

LSWI = �nir − �swir

�nir + �swir
(2)

EVI rather than NDVI was  preferred because EVI reduces soil
reflectance and atmospheric contamination, and enhances sensi-
tivity to highly vegetated areas (Huete et al., 1997, 2002). This
feature makes EVI more appropriate than NDVI since adjacent for-
est patches show considerable greening by May  when irrigation
reaches its peak in Korea. LSWI is a vegetation index sensitive to

moisture content of the land surface.

The MOD09A1 product provides quality assurance (QA) infor-
mation on the selection of data processing method, presence of
cloud cover, etc. To minimize the error associated with cloud

visor classification method in DOY 126 (a) and in DOY 150 (b).
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r aerosol contamination, we discarded MOD09A1 data with
ither/both poor QA or/and blue reflectance greater than or equal
o 0.2, an indication of cloudy pixels (Xiao et al., 2005; Sakamoto
t al., 2007). In such cases, the discarded data was replaced with the
ean value of previous and subsequent available reflectance data.

.3. Development of variable threshold model

The irrigation detection algorithm, LSWI + T ≥ EVI, developed by
iao et al. (2005) was applied. They proposed a threshold value (T)
f 0.05, which was used by studies such as Sakamoto et al. (2007),
slam et al. (2010),  and Jeong et al. (2011) to make the inundation
or paddy rice fields) maps. Sun et al. (2009) and Peng et al. (2011)

odified the T value to reflect the biophysical characteristics of
heir local study sites. All of the studies used fixed T values for their
tudy areas. In this study, however, it was hypothesized that the

 value would be variable depending on the sub-pixel fraction of
on-irrigated landforms based on the following reasons.

In the irrigation detection algorithm, T plays a determinant role
n the detection accuracy. If T is too high, irrigated paddy field
rea could be overestimated because the irrigation condition can
e met  with lower LSWI and consequently, the estimated tim-

ng of irrigation becomes earlier than true irrigation. Basically, T
epresents different spectral characteristics for LSWI and EVI on
ixed land cover pixels. LSWI is very sensitive to and rapidly satu-

ated with the irrigated sub-pixels, but is less sensitive to sub-pixel
reenness than EVI. For example, for a pixel with higher green-
ess, it will show increased EVI while LSWI will remain at a similar

evel, and therefore a higher T value is necessary to detect sub-
ixel irrigation. Therefore, one may  be able to improve irrigation
etection by using variable T values depending on the greenness
f non-irrigated sub-pixels within a MODIS pixel. In this study, EVI
as assumed to be a useful spectral index representing the green-
ess of non-irrigated sub-pixels and then, hypothesized that T is
ositively linearly related to EVI.

 =  ̨ · EVI +  ̌ (3)

here  ̨ and  ̌ are empirical regression coefficients relating EVI
ith T.

To develop the Variable Threshold Model (Eq. (3)), it was first
nvestigated which spectral index is better related with the num-
er of non-irrigated sub-pixels. Consequently, EVI was identified
s the superior index, showing a higher correlation coefficient
r = 0.87) with the number of non-irrigated sub-pixels than LSWI
r = 0.49). Second, we determined the T value for every MODIS pixel
y increasing T from 0.0 at an interval of 0.01 until the irrigation
ondition as described in Eq. (1) was satisfied. Finally, the regres-
ion model (Eq. (3)) was developed by using EVI and the determined

 value.
One of the potential problems of this method occurs when forest

ub-pixels are dominant over paddy or dry fields. Because of the
ery high level of EVI for forest sub-pixels, the T value in MODIS
ixels dominated by forests becomes extremely high, resulting in
arly irrigation timing and over-estimation of the irrigated fields. To
vercome this problem, we limited the maximum T to the highest

 value found in MODIS pixels dominated by either paddy or dry
elds.

The Variable Threshold Model was applied to specify the thresh-
ld (T) of each pixel and the timing of irrigation was determined
s the first date of the EVI 8-day period that meets the irrigation
etection condition.
.4. Statistical analysis

Agreement rate between 500 m MODIS and 20 m SAR-derived
rrigation maps was calculated to test model performance on
anagement 115 (2012) 83– 91

detection of the irrigated paddy fields for the dates of the two
SAR images. The agreement rate is calculated as the percent of SAR
irrigation pixels contained in MODIS irrigation pixels to total SAR
irrigation pixels. We  calculated the agreement rate for six different
classes of irrigated sub-pixel numbers (i.e. less then 100, 200, 300,
400, 500, and over 500) to investigate model performance depend-
ing on sub-pixel heterogeneity. The agreement rate was expected
to increase with the irrigated sub-pixel numbers because of the pre-
vailing effect of irrigated sub-pixels on both MODIS  EVI and LSWI.
Hence, the model adaptability was primarily determined based on
how well the model can detect irrigation for low irrigated sub-pixel
classes.

The detected timing of irrigation was  evaluated with the
irrigation data collected from field observations between 2001 and
2010 (Table 1). The MODIS-based irrigation was evaluated every 8
days and the first detection date was designated as the irrigation
date.

3. Results

3.1. Relationships between vegetation indices and sub-pixel
heterogeneity

For the SAR image area, mean sub-pixel counts for irrigated
paddy field, dry field, and forest land covers were compared with
MODIS EVI and LSWI for the two SAR images (Fig. 3). The histograms
of LSWI showed a highly mixed pattern, and it was  difficult to find a
trend to differentiate each of the land cover types (Fig. 3a and b). In
contrast, EVI histograms showed clear differences, with decreasing,
uni-modal, and increasing patterns for irrigated paddy field, dry
field, and forest, respectively (Fig. 3c and d). Low EVI values for
most of the irrigated paddy fields indicate that MODIS pixels with
prevailing irrigated paddy field sub-pixels have very limited veg-
etation growth on the dates of SAR images. As the proportion of
irrigated paddy fields decreases, the EVI increases subsequently.
This implies that a higher T value is necessary to detect irrigation of
such MODIS pixels. Since forest shows considerable growth by May,
EVI gradually increases with the proportion of forest sub-pixels,
while grassy type vegetation in dry fields showed maximum counts
around 0.2–0.3 EVI.

3.2. Developing variable threshold (T) model

For every MODIS pixel, the threshold (T) was  identified as the
first T value when the irrigation condition, LSWI + T ≥ EVI, was sat-
isfied for each SAR images date. Then, we  developed regression
models (Eq. (3)) between EVI and the areal mean T of the SAR
image extent. Three alternative regression models were developed
by using single and composite SAR images, respectively:

T1 = 0.5500 · EVI + 0.0061 (DOY 126) (4)

T2 = 0.3881 · EVI − 0.0043 (DOY 150) (5)

T3 = 0.4236 · EVI + 0.0112 (composite dates) (6)

here, T1, T2, and T3 are the threshold T values of DOY 126, DOY 150,
and composite dates, respectively. For all cases, the areal mean T
showed strong positive correlations with EVI (r > 0.99). To prevent
an overly high T value, which will result in overestimation of irri-
gated area, we set allowable maximum T at EVI where dry fields
are more dominant than forest sub-pixels. The EVI was identified
as 0.24, 0.32, and 0.28 for the DOY 126, DOY 150, and composite SAR

images, respectively, which corresponded with maximum T values
of 0.14, 0.13, and 0.13, respectively.

Fig. 5 demonstrates the effect of variable T values on detection of
small-scale irrigated paddy fields on DOY 126. The results of using
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ig. 3. Counts of land cover pixels (irrigated paddy rice fields, forests, and dry field
espectively.

f T1 (Eq. (4)) were compared with the results using the fixed T value
f 0.05. In each figure, the MODIS-based irrigated area overlaid the
AR irrigation map. By using the variable T, MODIS irrigated area
xpanded into areas with highly scattered paddy fields, which indi-
ate that the variable T model is more robust in detecting irrigation
f scattered small-scale paddy fields.

.3. Evaluation of the variable T models
Agreement between the fixed T (0.05) model and three alterna-
ive Variable Threshold Models (Eqs. (4)–(6))  were evaluated with
he SAR-based irrigated field maps (Fig. 6). The Variable Thresh-

ig. 4. Alternative Variable Threshold Models between T and EVI in DOY 126 (a), DOY 15
alues  and a standard deviation at an interval of 0.01 EVI, respectively.
h MODIS-based LSWI (a, b) and EVI (c, d) for SAR image dates of DOY 126 and 150,

old Models performed much better than the fixed T models, with
respective agreement rates of 40–94% and 34–86% for the SAR
images of DOY 126 and DOY 150, in contrast with the 19–94% and
21–86% agreement rate for the fixed T model (Table 2). The vari-
able T models overall showed better detection performance than
the fixed T model for MODIS pixels containing few irrigated paddy
fields (Fig. 6a and b), and in certain cases as much as doubled the
detection rate.
On the other hand, the agreement rates decreased with EVI for
both SAR images (Fig. 6c and d). All Variable Threshold Models
showed similar agreement rates at low EVI levels, but the Variable
Threshold Models were superior to the fixed T model with an EVI

0 (b), and composed dates (c) in 2003. Solid diamond and error bars indicate mean
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Fig. 5. Estimated spatial distribution of irrigated pad

ange of 0.15 and higher. These results indicate that the Variable
hreshold Model enhanced the detection performance of irrigated
addy fields where dry field sub-pixels are dominant. The enhanced
etection performance was  greater in early irrigation periods (DOY
26) than the latter ones (DOY 150). Overall, the T1 model showed
he highest performance among the three Variable Threshold Mod-
ls for both SAR image dates.

When applying the Variable Threshold Models, the estimated
iming of irrigation dates were a few days earlier (−3.6 days) than
hose estimated by fixed T (T0.05) models (Table 3) but generally
he differences were not appreciable within the MODIS 8-day data

eriod. The detection of irrigation by the Variable Threshold Models
or the Icheon 2 site is remarkable because the fixed model could
ot identify the irrigation at all. The threshold methods using T0.05,

able 2
greement rates of MODIS detection of irrigated pixels with respect to number of

rrigated sub-pixels from SAR images on DOY 126 and 150.

Count of irrigated pixel (SAR)
DOY 126

Agreement (%)

T 0.05 T1 T2 T3

1–100 19 40 37 37
101–200  48 60 60 61
201–300  64 68 70 71
301–400  78 80 82 82
401–500  88 89 89 89
501–625  94 93 94 93

Count of irrigated pixel (SAR)
DOY 150

Agreement (%)

T 0.05 T1 T2 T3

1–100 21 34 33 33
101–200  36 49 49 49
201–300  52 59 61 60
301–400  65 70 71 71
401–500  79 79 80 81
501–625  86 86 86 86
e fields using T0.05 (a) and T1 (b) in DOY 126, 2003.

T1, T2, and T3 showed respective mean detection errors of +2.8,
+0.1, +2.3, and +0.4 days with respect to the observations. Overall,
the Variable Threshold Models detected irrigation dates for the 10
test sites with a mean error of 0.9 days, which was  better than the
error (+2.8 days) of the fixed threshold model (T0.05).

3.4. Mapping of irrigated paddy fields and timing of irrigation
dates in Korea

The Variable Threshold Model identified more irrigated paddy
field pixels (Fig. 7b) than the fixed T model (Fig. 7a). This is due to the
capability of detecting irrigation for distributed small-scale paddy
fields over heterogeneous land cover and complex terrain. Con-
sequently, the T1, T2, and T3 models resulted in greater numbers
(159,110; 150,936 and 151,740) of MODIS pixels identified as irri-

gated paddy fields than that (76,651) from the T0.05 model. Because
of sub-pixel heterogeneity within a MODIS pixel and the presence
of fallow paddy fields, direct comparison between the detected irri-
gated field area and the paddy field area from the National Land

Table 3
Comparison of observed irrigation dates (DOY) and estimated irrigation dates from
MODIS using T0.05 and developed T (T1, T2, and T3) in this study. N/A indicates that
irrigation was not detected.

Site name T0.05 T1 T2 T3 Observation

Chooncheon 1 120 118 117 117 120
Chooncheon 2 124 119 118 119 125
Icheon 1 127 123 124 123 117
Icheon 2 N/A 137 139 137 121
Ichoen flux 127 112 126 113 120
Hari flux 141 135 138 136 126
MASE 2001 113 111 112 111 113
MASE 2002 105 103 104 104 109
MASE 2003 109 107 108 107 114
MASE 2004 111 109 110 110 108

Mean error +2.8a +0.1 +2.3 +0.4

a The error was  averaged except for Icheon 2 where the irrigation was not
detected.
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Fig. 6. Agreement rates (%) of MODIS-based detection of irrigated paddy rice fields with SAR-based irrigated paddy fields. The rate was plotted against counts of SAR-based
irrigated sub-pixels within a MODIS 500 m pixel (a, b) and MODIS EVI (c, d) in DOY 126 and 150, respectively. T0.05 is used when applying a fixed threshold (0.05) and T1,
T2,  and T3 indicate the cases of Eqs. (4),  (5),  and (6), respectively.

Fig. 7. Spatial distribution maps for MODIS-based irrigated fields, using threshold values of T0.05 (a) and T1 (b), and a map  of timing of irrigation (c) in Republic of Korea,
2003.
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over Map  is less meaningful. Nevertheless, it is noteworthy that
he Variable Threshold Model showed much less error (−27%) than
he T0.05 model (−64%), when compared with number of paddy
eld pixels from the resampled 500 m National Land Cover Map.

The irrigation dates in 2003 varied from early April to mid  June
Fig. 7c). In general, earlier irrigation was found in the southern
han in the northern region, and more synchronized irrigation in
arger plains (mostly located in the mid-west) compared to highly
ariable irrigation timing in small-scale paddy field areas. Higher
levation did not always result in later irrigation timing compared
o the low-land plains and coastal areas.

. Discussions and conclusions

The purpose of this study was to improve MODIS-based detec-
ion of irrigated area and irrigation timing, especially for distributed
mall-scale paddy field regions. Rather than using a fixed thresh-
ld value suggested by previous studies, we developed the Variable
hreshold Model using different threshold values depending on
ODIS EVI. This was based on a good linear relationship of MODIS

VI with the fraction of non-irrigated sub-pixels. The detection rate
f the irrigated area obtained with the Variable Threshold Model
as up to twice as high as that of the fixed threshold model, espe-

ially for the distributed small-scale paddy fields. In addition, The
ariable Threshold Model showed less errors when compared to
eld observed irrigation dates.

Like many Asian countries, small-scale paddy fields in the
epublic of Korea are usually located over a complex terrain. In
he mountain regions, irrigation timing is less consistent than the
arge plains because irrigation systems are less developed and the
rrigation timing is mostly based on the empirical knowledge of
ndividual farmers. This study was able to detect those irregular
rrigation dates in regions with a complex terrain.

Utilization of SAR images and well-defined land cover maps
nabled us to obtain reliable information on the distribution of irri-
ated and non-irrigated paddy fields, as well as counts of different
ub-pixels on paddy and dry fields and forests. This information
rovided critical baseline data to examine the effect of sub-pixel
eterogeneity on MODIS spectral indices, leading to good linear
elationships between MODIS EVI and the corresponding thresh-
ld values (Fig. 4). Such relationships enabled the development of
lternative models using a variable threshold (Eqs. (4)–(6)).

For each SAR image date, different Variable Threshold Models
i.e. Eq. (4) versus Eq. (5))  were determined. Changed biophysical
egimes on spectral reflectance from irrigated and non-irrigated
andforms could partly explain the difference between Eqs. (4) and
5). As irrigation activity proceeds, both the irrigated sub-pixels and
egetation greenness in non-irrigated sub-pixels increase concur-
ently. Different spectral bands, however, show different responses
o such changes in spectral environment. High sensitivity of short-
ave infrared (SWIR) to surface water makes it useful in identifying
ater bodies from dry landforms, which causes a rapid change

n LSWI even for a small body of sub-pixel irrigation within a
oarse MODIS pixel. LSWI, however, does not change much with the
hanging amount of sub-pixel irrigation after the initial response,
hile EVI continuously increases with vegetation growth in dry

nd forest sub-pixels (Sun et al., 2009; Peng et al., 2011). The larger
ncrease of EVI compared to LSWI can result in a higher thresh-
ld value relative to the same EVI at the later irrigation period as
llustrated in Eq. (5).  This implies that one should note the spe-
ific irrigation stage utilized for the development of a particular

ariable Threshold Model, and be cautious in applying the model

or the entire irrigation period. One of the possible solutions is to
se multi-temporal SAR images to derive a more robust Variable
hreshold Model as tested in this study.
anagement 115 (2012) 83– 91

Considerable variation in LSWI not related to paddy field
irrigation were found in some circumstances: for example, in
coastal regions it can be associated with sea salt aerosol contain-
ing high moisture, and in some regions, residual rain drops on leaf
and soil surfaces after heavy rainfall events can affect the index.
LSWI variations from such circumstances can sometimes meet,
even temporarily, the detection criteria (i.e., LSWI + T ≥ EVI) and
hence, result in false classification to irrigated paddy fields. Our
current approach did not take such cases into consideration, thus
further improvements that consider such precedent rainfall events
would be useful.

In conclusion, the Variable Threshold Models enhance detection
performance on irrigated paddy fields especially for regions with
distributed small-scale paddy fields. In this proposed approach,
the sub-pixel heterogeneity was  implicitly reflected and quanti-
fied through relationships between MODIS EVI and the threshold
value. One of the shortcomings of this proposed approach is that
it requires both more data (e.g., SAR images) and a reliable land
cover map, compared to the previous approach using only MODIS
images. Although the empirical threshold models are limited by
temporal extrapolation for the whole irrigation periods, utilization
of multi-temporal composite threshold models could mitigate this
limitation. Further research is required to improve our method,
especially considering precedent rainfall events and high-moisture
aerosol effects.
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