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ABSTRACT:

Agriculture is one of the most important sectorshia economy of Southeast Asia countries, espgdiailhiland and Vietham. These
two countries have been the largest rice suppirethe world and played a critical role in globab#l security. Yearly rice crop
monitoring to provide policymakers with informati@m rice growing areas is thus important to timgdyise plans to ensure food
security. This study aimed to develop an approacheigional mapping of cropping patterns from tisegies MODIS data. Data were
processed through three steps: (1) noise filtavirtigne-series MODIS NDVI data with wavelet transfg (2) image classification of
cropping patterns using artificial neural netwofk8INs), and (3) classification accuracy assessmeing ground reference data. The
results by a comparison between classification arvap ground reference data indicated the overaliracy of 80.3% and Kappa

coefficient of 0.76.

1. INTRODUCTION

Agriculture has been a key driver of developmenSautheast
Asia countries (Evenson and Rosegrant., 2003; Timg@99).
More than 60% of the labor force in Cambodia, La®ganmar,
and Vietnam depends on agriculture. Rice agriculinrthese
countries is still the most dominant agriculturetivty taking up
a large part of the harvested area (50-80%) andevalf
production (FAOSTAT, 2009). Thailand and Vietnamfayare
the two leading rice suppliers in the world (FA@1R). Rice is
the most important staple food for more than 50%hefworld's
population with more than 20% of their daily caésri(Maclean
et al., 2002). As the world population continuegitow steadily,
while land and water resources are declining. Megecclimatic
change through global warming has also been a ketorf
causing declined rice production (Furuya and Kobhia2009;

Matthews and Wassmann, 2003). Efforts to balanoe ri

production to meet the food demands of a growirpufation are
vitally important. Thus, accurate estimates of deewing areas
are needed to estimate rice production.

Conventional methods of acquiring these data agenal
scale reveal problems due to the costs of fieldreywr for
complex farming systems throughout the year. Losehgion
remote sensing has been proven as an indispentaibldor
providing data for this monitoring purpose at regiband global

scales because the data has advantages of highoredmp

resolution and wide coverage. However, low-resotuti
remotely-sensed data are often obscured by clowkrco
Filtering such noise from the data is usually dpnier to the
classification. A number of noise reduction aldaris (e.g.,
Fourier transform, wavelet transform, empirical mod
decomposition, and local maximum fitting) have bdeweloped
and commonly used for filtering noise from time iserof
satellite vegetation indices. This study used wetveansform
for noise filtering of time-series NDVI data. As NDdata are
nonlinear and traditional parametric classificatialgorithms
based on spectral bands, such as maximum likelyoadte
insufficient to delineate seasonal farming actdti
non-parametric mapping methods (e.qg., artificialrabnetworks
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— ANNSs, support vector machines — SVMs) have beenen to
be sufficient to handle complex classificatiorktagn this work,
we applied ANNs for mapping cropping patterns ie gtudy
area. This method is developed based on statidgeahing
theory (Foody and Mathur, 2004; Haykin, 1994).

The main objective of this study is to developapproach
for mapping major cropping patterns in Southeast Asom
MODIS time-series NDVI data using wavelet transfoamd
ANNS.

2. STUDY AREA

The study area includes four Southeast Asian casniietnam,
Thailand, Laos and Cambodia, lying between 5.6228l4nd
97.34-109.51 E (Figure 1). The total area is appmately
1,081,130 ki in which agricultural land occupies
approximately 23% (Stibig et al., 2004). Rice wanain crop
commonly practiced in plain areas. Field crops sagkugarcane,
cassava, and maize occupied the uplands. Monitoriog
growing areas becomes an important activity dueagoofficial
initiatives to ensure food supply and security.

Rice crops in the study area are classified acegrii their
periods of cultivation (cultivating seasons). Balkjcahere are
three types of rice cropping systems: single-crdppiee,
double-cropped rice, triple-cropped rice. Singlepging system
used long-term rice varieties (160-180 days) wasnoplanted
under predominantly rain-fed conditions, whilst Heuand triple
rice cropping systems used short-term varietiesl(@Ddays) are
commonly practiced in the Viethamese Mekong RiveltdDe
(MRD), Red River Delta (RRD), and Chao Phraya River Delta
(CRD) of Thailand.

As rice area was practiced in the lowlands and sbudy
focused on investigating rice agriculture, mourtam areas
where the elevation was higher than 500 m were ethskt
using the shuttle radar topography mission (SRTMjrdigital
elevation model.
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Figure 1. Map of the study area showing the sampéreas
(ground reference data) used for extracting trgimiata used in

ANNSs and evaluating accuracy classification results

3. DATA

MODIS/Terra surface reflectance 8-day L3 global 30CGSIN
grid vO0O5 (MODO09A1 product) acquired from NASA f2010
were used in this study. This data product hasrsspectral
bands. The spatial resolution is 500 m x 500 m.ddta include
quality control lags for image artifacts. It hasabeen validated
for stage 2 and is ready for use in scientific mations
(Vermote et al., 2008). Other data including theveo Mekong
Basin land-use map (MRC, 2010), the 2000 VMD landroap
(Sub-NIAPP, 2002), and the 2000 Thailand land-uap (bDD,
2000) were also collected and used for field ingesibn and
preparation of ground reference data.

4, METHODS
4.1 Time-seriesNDVI data noisefiltering

The time-series NDVI data were created by firstcalating
every 8-day MODIS scene. They were then stackeal ame
8-day composite scene with 46 bands. Time-seriesDNSO
NDVI data are often obscured by noise due to tbedlcover
commonly seen in the tropical climate. Thus, iessential to
mitigate such noise before the data can be useddssification.
For this reason, we first masked out thick cloudecaising the
blue band, where its reflectance value was gréelader 0.2 (Xiao
et al., 2006). The missing values were replacet néw values
from the time-series profile using linear interpgma. The
wavelet transform was then applied to filter nofsem the
time-series NDVI data. The wavelet transform Wj(sf a signal
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X(t) is defined as follows:

W) = =/ x(OW (55 at, ()
where s >0 ande R, x(t) is the analyzed input signd(t) is the
mother wavelet; and s and are scaling and translation
parameters. In this study, we used Coiflet wavetetdr 4)
(Torrence and Compo, 1998). This wavelet functioa heen
demonstrated to give the best results among Daidmeend
Symlet wavelet functions for determining rice crpipenology
(Sakamoto et al., 2005).

4.2 Image classification

The ANNs back-propagation algorithm was utilizedr fo
classification. This algorithm uses the delta rofea steepest
descent to adjust weights based on the backwagphgation of
errors in the network (Paola and Schowengerdt, J1996e
ANNs has a learning process where training sigeatuare
randomly selected and fed to adjust the internagfitematrix.
This is made by a repetition of back-propagatiointhe answer
into the weight matrix. When the learning processdmplete,
the weight matrix is ready to process any new sigedrom the
imagery dataset. In this study, we designed ANNigcture:
one input layer, one output layer and one hiddeerlaThe
number of 93 neurons were calculated based on xtsting
literature recommendationsn2 1 (Atkinson and Curran, 1995),
where n is the number of bands. The commonly-used
back-propagation algorithm using tansig functiors wélized to
train the network.

The training samples used to train ANNs for clasation
were extracted from the ground reference data pedpafter
field investigation. A total of samples of 14,6@2ngle-cropped
rice: 2,333, double-cropped rice: 3,638, triplepged rice:
1,336, field crops: 1,020, forests/orchards/pemineées: 5,741,
and built-up areas: 534) seems to most of vartgtifi the study
was used. Water bodies were excluded from the sisal\We
identified water bodies and masked them out by yaislof
smooth NDVI and land surface water index (LSWI) files
(Xiao et al., 2006). The training samples wered#di into three
parts: training samples (50% of the total samplea)idation
samples (25% of the total samples), and testingpkn(25% of
the total samples).

The network’s performance is measured using a mean

squared error (MSE) and a confusion matrix. Thenig
process was carried out until the mean squared €M&E)
reached 0.00044 at the epoch 366. The confusiorixnsiiows
the percentages of correct classification of 98.8%ere was
significant correlation between testing samplesautguts (R =
0.99). The classification results values range ffoto 1. The
winner-take-all algorithm was used to get the ciadices as the
position of the highest element in each outputoreat ANNS.

4.3 Accur acy assessment

The classification results were compared with ikt fdata. A

total of 2,000 pixels for each class were randoemtyacted from

the ground reference data. The classification aoyur
assessment was performed such that these grouerkreé

pixels were compared with that of the classifiedomaing the

confusion matrix. Kappa coefficient and other pagtars (i.e.,

overall, producer and user accuracies) were usetkasure the
classification accuracy.



International Archives of the Photogrammetry, Remote Sensing and Spatial Information Sciences, Volume XXXIX-B3, 2012
XXII ISPRS Congress, 25 August — 01 September 2012, Melbourne, Australia

5. RESULTSAND DISCUSSION
5.1 Characteristicsof LULC NDVI profiles

The mean NDVI profile for each land-use class wasgnted in
Figure 2. There were distinctions between croppiadterns
throughout the year. The single-cropped rice wastfwed once
a year. The peak (heading date) exhibited oncerabyethe end
of December. Double-cropped rice has two peakgatidg two
rice crops being practiced per year. However, thakp were
shifted depending on the region attributed to thell climatic
conditions.  Similarly, three peaks were observedr fo

1 -

NDVI

—+—Single-cropped rain-fed rice

—#—Double-cropped irrigated rice

triple-cropped rice because three crops were petiper year.
Farmland characterized by field crops (e.g., swj@ccassava,
and maize) revealed one peak in the NDVI profilehmy end of
the crop because field crops were usually plantest @ year in
the rainy season. There was an increase in vege@ttivity in
the field crop NDVI profile before the cultivatireason due to
the growth of vegetation. Built-up areas includirighhalbedo
surfaces (e.g., concrete, metal proof, parking ksl roads) had
low NDVI values and were stable fluctuation throagh the
year.

01 —4—Double-cropped rain-fed rice
——Triple-cropped irrigated rice
0.2 - —+—Field crops
—+—Forests/orchards/fruit trees
Built-up areas
1 25 49 73 97 121 145 169 193 217 241 265 289 313 337 361
DOYs (2010)

Figure 2. Mean NDVI profiles of land-use types.

5.2 Classification results

The 2010 classification results were presentedigurg 3. In
general, single-crop rice was commonly practiced the
lowlands of Thailand and areas surrounding the Camho
Tonle Sap Lake. Double-cropped rice was mainly eatrated
in three deltas: RRD, MRD, and CRD. Triple rice crogpivas
especially observed in MRD and CRD that received dtitm
water around the year. Field crops occupied theangd,
especially in the upper parts of Thailand. Fore&se generally
found in slope and mountainous areas where the Wwarginot
suitable for rice agriculture due to major soil straints.

The error matrix of classification accuracy asses# was
shown in Table 1. Of 12,000 pixels extracted frdra ground
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reference image for accuracy assessment of the @d@s8ified
map, the results indicated that the overall acgureas 80.3%
and the Kappa coefficient was 0.76. Of the tota,600 pixels
checked to measure the accuracy in each clas$withelasses
with the highest producer accuracy levels werelsingpped
rain-fed rice (88.7%) and double-cropped irrigated (91.9%).
The lowest producer accuracy was observed for edps class
(67.5%) or 32.5% of pixels incorrectly classifiedtd other
classes. This could be explained that it was mdifeewdt to
accurately predict this class because the sizplahd crop fields
was general small and they were scattered. Moreaber
temporal confusion caused difficulties in the disdnation of
this class from other classes.
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Figure 3. Spatial distribution of cropping patterns

Classification results

Ground reference (pixels) Slngle-_ Double-_ Triple- _ Field crops Forests/ Built-up Total

cropped rice cropped rice cropped rice orchards areas
Single-cropped rice 1,774 6 11 195 34 183 2,203
Double-cropped rice 0 1,838 372 76 126 294 2,706
Triple-cropped rice 0 109 1,547 16 19 8 1,699
Field crops 3 14 19 1,350 80 13 1,479
Forests/orchards 211 26 37 363 1,735 100 2,47p
Built-up areas 12 7 14 0 6 1,402 1,441
Total 2,000 2,000 2,000 2,000 2,000 2,000 12,p00
Producer accuracy (%) 88.7 91.9 77.35 67.5 86.75 170
User accuracy (%) 80.5 67.9 91.1 91.3 70.2 97.3
Overall accuracy (%) 80.3
Kappa coefficient 0.76

Table 1. Results of the classification accuracysssent.

6. CONCLUSIONS

The objective of this study was to develop a cfasgion

approach for mapping major cropping patterns intiseast Asia
using time-series MODIS data. The data were preckssing
wavelet transform and ANNSs. The results indicateat filtered
NDVI patterns reflected temporal characteristics different

cropping patterns. This information was important $electing
training patterns used in ANNSs classification. Hi¢Ns applied
to the filtered time-series MODIS NDVI data confeh its
validity for mapping cropping patterns in the stuahga. The
results archived by comparisons between the cledsifiap and
the ground reference map indicated the overall racgu of
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80.3% and Kappa coefficient of 0.76. The lowestdpuer
accuracy was observed for the field crops class586Y due to
temporal confusion in discriminating between thlass and
other classes. The methods using wavelet transfominANNS
for mapping major cropping patterns in Southeast Aom
filtered time-series MODIS NDVI data could be triamsed to
other regions in the world to replace costly figldestigations.

REFERENCES

Atkinson, P.M., Curran, P.J., 1995. Defining an wyati size of
support for remote sensing investigatioiEE Transactions on
Geoscience and Remote Sensing, 33, pp. 768-776.



International Archives of the Photogrammetry, Remote Sensing and Spatial Information Sciences, Volume XXXIX-B3, 2012
XXII ISPRS Congress, 25 August — 01 September 2012, Melbourne, Australia

Evenson, R.E., Rosegrant., M.,
consequences of crop genetic: Improvement progran@ep
varietal improvement and its effects on producgivihe impact
of international agricultural research. CABI Publighi CAB
International, Wallingford, UK.

FAO, 2010. Food outlook: Global market analysisod-@and
Agriculture Organization of the United Nations, Roritaly.

FAOSTAT, 2009. FAO statistics online. Food and Agliure
Organization of the United Nations, Rome, Italy.

Foody, G.M., Mathur, A., 2004. A relative evaluatioof
multiclass image classification by support vectoachines.
|EEE Transactions on Geoscience and Remote Sensing, 42, pp.
1335-1343.

Furuya, J., Kobayashi, S., 2009. Impact of globatming on
agricultural product markets: stochastic world foatbdel
analysis Sustainability Science, 4, pp. 71-79.

Haykin, S., 1994Neural networks: a comprehensive foundation.
Prentice Hall., Upper Saddle River, NJ.

LDD, 2000. Land-use map of Thailand. Land Developime
Department, Thailand.

Maclean, J.L., Dawe, D.C., Hardy, B., Hettel, GZ®002.Rice
Almanac: source book for the most important economic activity
on earth. CABI Publishing, Wallingford, UK.

Matthews, R., Wassmann, R., 2003. Modelling the irtgpat
climate change and methane emission reductions ica
production: a reviewEuropean Journal of Agronomy, 19, pp.
573-598.

MRC, 2010. Multi-functionality of paddy fields ovdne Lower

425

—

2003. The economitekong Basin.

Paola, J.D., Schowengerdt, R.A., 1995. A reviewamalysis of
backpropagation neural networks for classificatioof
remotely-sensed multi-spectral imagednternational Journal of
Remote Sensing, 16, pp. 3033-3058.

Sakamoto, T., Yokozawa, M., Toritani, H., Shibayari,
Ishitsuka, N., Ohno, H., 2005. A crop phenologyedg&bn
method using time-series MODIS datRemote Sensing of
Environment, 96, pp. 366-374

Stibig, H.J., Achard, F., Fritz, S., 2004. A newefst cover map
of continental southeast Asia derived
SPOT-VEGETATION satellite imageryApplied Vegetation
Science, 7, pp. 153-162.

Sub-NIAPP, 2002. Land-use map of the Mekong D¥&lietnam.

Timmer, C.P., 2009. A world without agriculture: tsteuctural
transformation in historical perspective. AmericEnterprise
Institute, Washington DC, USA.

Torrence, C., Compo, G.P., 1998. A practical gumlevavelet
analysisBulletin of the American Meteorological Society, 79, pp.
61-78.

Vermote, E.F., Kotchenova, S.Y., Ray, J.P., 2008.DNED
surface reflectance user’s guide.

Xiao, X., Boles, S., Frolking, S., Li, C., Babu, J.%alas, W.,
Moore lii, B., 2006. Mapping paddy rice agricultumeSouth and
Southeast Asia using multi-temporal MODIS imagRemote
Sensing of Environment, 100, pp. 95-113.

from



