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Abstract

“'Most ‘of the' image analysis techniques Have both strong and weak aspects. Classifying the image with
method for example,:is. 3 time-consuming process. On
Diffe 2

different features is also a vague process. Using a
estimate area under ricc can reduce processing time while, at the same time, reinforcing the performances
of both' classifiers. This paper deals with estimating area under rice in Nalgonda district of Andhra Pradesh:
IRS-1D digital:data from LISS—IU (path 100/60 16 October 2004 and 101/60 14 November 2004) wes
selected and ERDAS. image 8.6 package was. used for image processing .The NDVI map is derived first and
refined to set the threshold level for vegetation, Next, & query was developed to set zero. to_the non-
vegetative features in IRS-1D image. This image “was further classified with unsupervized classification -
using ISODATA for clustering. This study shows that the combination method of NDVI and unsupervized:
classification appears to be better choice:for estimating area under. rice.
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Accurate and timely information is Y to

Remote: sensing, GIS.

evolve strategies for sustainable management of natu-
ral resources. Today’s “space age” supported by
computer and communication technologies offer great
scope for efficient planning and ofagri-

ituation. Con fon of these conventional meth-
ods and vegetative indices will perform better by re-
inforcing the performances of both classifiers Rice js
a key component of the Indian food security system.

cultural " resources on scientific principles. Remote
sensing methodologies for acreage estimation of ce-
real crops like rice, wheat and sorghum, oilseed crops
like groundnut, rapeseed d, soyabean and com-
mercial crops like cotton, sugarcane and tobacco; and
also for predicting crop yields'are well established
(1). With the launch of every new sensor system for
the acquisition of data in the optical or the microwave
part of the spectrum, and the development of new

phisticated p ing and analyzing techniques
lead often to an ial i in'pr ing
time (2). There are two main categories that can be
used to achieve this outcome and they are called
supervized and unsupervized classification tech~
niques. There are also additional techniques to pro-
 cess the images those are vegetation indices: in'ei-
ther case additional image processing may be used to

elp determine which method is' better: for a'given

t, keeping in view the continued population
growth, demand for rice is expected to be 100 M tons
by the year 2010 and 140 M tons by 2025, This de-
mand can'only be met by maintaining sustainable rice
production with ample water supply without envi-
ronmental degradation. Monitoring and mapping of
paddy rice agriculture in a timely and efficient manner
is very important for agricultural and environmental
sustainability (3). Current analysis of rice productiv-
ity with in' India shows that Andhra Pradesh (AP) is
one of the top three rice-producing states in the coun-
try and accounts for about 12% of the nation’s total
rice production. Regional estimates of crop area and
yield are desirable for arange of applications, such as
in the design of land use and food trade policies “@
and in the formulation of meteorological and: bio-
geochemical models (5). Major rice growing district
of Andhra Pradesh was selected for this stiidy, Main
objectives were to identify rice crop; to estimate area
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Figure 1 The locnuon of: Nulgondn dmnct in Andhm
Pradesh.

undcrnce, to vahdate area and with: secondary data .

from Department of . ‘Agriculture.
“Methods -~

‘The selected study area is Nalgonda district (AP),
which lie between 16—25° and 17—>50" of the north-
em latitude and 78-—40° and 80—05 of eastern longi-
tude covering anarea of 14,240 sq km. Paddy, pulses,
millets and oilseeds are major,crops. in-this study
area,with, paddy is the dominant crop. Choutuppal
and Pochampally mandals were selected for_collect-
ing ground truth data for verification. The location of
this study area is depicted in anure 1.

IRS-1D digital data from LISS-IIf (path 10()/60 16
October 2004 and 101/60 14 November 2004) were
selected for this. study. and ERDAS image 8.6 was
used for image processing, The LISS-I1I data were
found to be useful for improved discrimination of dif-
ferent crops grown under multiple crop situations (6).
Polyconic projection was applied uniformly fo all the
datasets. with lntltude/longxmde mformatwn in de-

es.

As Nalgonda dlstnct is oovened in two 1magen=s,
two satellite images were joined using mosaic option.
of ERDAS package. The district boundary of Nalgonda

master image (Fig.Z). Mandal map of Nalgonda dis-
trict was digitized using Arc GIS package and each
mandal polygon was converted into Area of Interest
(AOIs). These AOIs were used to extract sub-set im-
ages of different mandals from master image for clas-
sification. Secondary data for area under rice for the
above mandals. were collected from Department of
Agncu[ture Hyderabad, Andhra Pradesh.

Rice Crop Tdent] ification

The most 1 cticed appli ninre-
‘mote sensing of agnculmre is mapping land cover to
identify crop, types. However, the identification  of

object depends on the: spatial resolution of the re-

‘ mote sensing imagery (7): Discrimination of crops is

usually performed by some classification procedures.
There are two fundamental approaches for classifica- 7
tion:: One. is. supervized: and. another one | i
unsupemzed classxﬁcanon

Superwzed Classgf cation (Melhod y) ) ln thls

.classification , user has. to/specify. the classes to. be
.i+ised and provides “signatures” for-each class.. Th

image interpreters must have priori knowledge of th
area covered by the image they are attemptin|
sify. Using the “seed tool”. of ERDAS packag
signature files were created. Due to color vari
withina class, often multiple signatures will ben
to capture a single cover.class (8) Maxlmum
hood rule was used for this classification. S
ture.classes were selected to estimate rice cr
matrices were generated to evaluate the si

Unsupervized Classqfcation (Methad 2,
classification, the computer selects classes >
clustering of brightness values.. i
uses the Iterative Self-Organizing Data Analysis
nique (ISODATA) (9) alogorithm to execute th
tering of the image. ;

The advantage of an \msupemz

edge is needed. Nalgonda district was clas

ing this classification method with 30 clas

iterations:at the convergence threshold 0.
Combination of NDVI and Unsup

was-used to the subset of Nalgonda from th
joined image, which was subsequently considered as

use of land cover maps andNDVI (N ormal
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Figure 2. IRS-D LISS-III image Nalgonda district-master image.

ence Vegetation Index) derived from satellite imagery
(10):- Nalgonda district was classified using this
method: NDV1is given by

NDVI=(Near Infra Red band — red band)/ (near
Infra Red band + red band)

Variable NDVIis a 2-Darray of class single w1th a
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Figure 3. Flowchart showing the’ process to zero non vegela—
tive-features in IRS-ID image.

‘ theoretical maximum range of : [-11]. But vegetation

values typically range between 0.1 and 0.7: NDVI be-
ing typically between 0.1 and 0.6 values at the higher
end of the range indicating increased photosynthetic
activity and a greater density of the canopy (11). NDVI
images were derived: for the: Nalgonda' district and
these images were compared with master images of
each mandal for better refinement of vegetative por-
tion from the imageries.

In 2004 product demos,: Mathworks;: Inc sug-
gested in their demos regarding finding vegetation in
images that in order to identify: pixels most likely to
contain significant vegetation; apply‘a simple thresh-
old to the NDVIimage (12):In:2000; Cherlet Michael
and his colleagues suggested that ND VI threshold of
0.14is an acceptable threshold to be applied uniformly
over the image to classify vegetation (13). In'our study
the threshold value for vegetation was identified as
0.15. The values below 0.15 indicates non-vegetative
portion and above 0.15 represents significant veg-
etative portion.

For'many ‘specialized: applications; classifying
data that have been spectrally merged or enhariced
with irnage algebra or other transformations can pro-
duce specific meaning results (14).'A model (Fig.3)
was developed to set zero to'the non-vegetative fea-
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Figure 4. Rice crop identified i Nalgnnﬂn district by

tures (<0.15 NDVI) in IRS- 1D master image by using
NDVI and IRS-1D images as input files: The output of
the above model was classified by using unsupervized
classification method with 10 classes and 20 itera-
tions with 0.990 convergence threshold value: Each
cluster was carefully evaluated and assigned a land
. cover.value by comparing with the IRS 1D image to
identify paddy.features. :

Rice Area Estimation

The area under rice is estimated by the formula :
Area under rice (ha) = Histogram value of rice crop
(sq m)* Pixel value* conversion factor

Histogram values for different classes are usu-
ally stored in the raster attribute table generated along
with classified image. These are represented in units
of square meters:.Pixel resolution. values were given
i1i the CD information file of images. These values are
23.5%23.5 for LISS-II data. Conversion factor is 10000
for square meters to hectares. The area under rice for
different mandals (blocks) was estimated using this
formula.

Validation with Secondary. Data

Estimated values of rice area and yield were com-
pared with. observed values.and percentages of dif-
farences were calculated for each mandal using the
formula given below.

Percentage difference= {(Observed value-,

supervized classification-—red (deep grey) color indicates rice area.

Estimated value)/Estimated value}*100
Results and Discussion
Rice Crop Identification

The inicreasing need for information on the sp:
tial distribution of crop areas that is compatible with
other spatial datasets js evident in countries whert
vegetation characteristics are highly dynamic through:
out the growing season (15). i

The image acquired dates are between Octobe:
and November, so the crop is mostly in vegetat]
and reproductive stage. The reproductive stage start
when the plant stops growing taller and ends aff
maturity and includes panicle and grain developmen
ey ‘
For single date imagery, however, the timin;
image acquisition can greatly influence classificat
results since confusion between spectral signaty
can occur due to differences in crop growth stag
(17). In our study the classes identified for ric
more because there is nearly 28 days difference
tween dates of two images those are joined to fi
the master image. Red color classes represc
crop in the classified images. Identified rice :
cross checked with ground truth points collected
Pochampally and Choutuppal mandals.

1 Supervized Classification. Rice crop wa
tified using six signature classes (Fig. 4
served from error matrix that there is mixin,
among only rice classes: Pixels of other cla
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water bodies, settlements and other crops were clas-
sified correctly as there is no mixing of pixels among
other clgsses. )

2 Unsupervized CIasszﬁcatton Rice crop, was
identified by more than five classes among 30 total
classes (Fig. 5). Unsupervized classification avmds
problems.with the user biasing the classification with
improper or poorly represented training data, which
can be the case in supervized classification (17).

As rice is the major crop and cultivated mostly in
the irrigated areas, rice classes were identified easily
along the major canals. As irrigated rice fields are
flooded, the spectral characteristics of water can be
used to distinguish potential rice paddocks. and pro-
vide an early estimate of rice area (18).

3 Combination of NDVI and Unsupervized Clas-
sification. In this method, non-vegetative portion was
set to zero in the master image and this image. was
classified in to 8-—10 classes (Fig. 6). In this case,

more classes were selected to differentiate among dif-
ferent land types. Here minimum classes were taken
because only vegetative portion is remaining in the
image. Some VI’s perform better than others, but in
general, these interactions result in better correlations
between VI’s and biomass in the vegetative and pre-
heading stages than in the post-heading stage, where
VI's tend to saturate (19) As our image acquisition
dates are from October to November, there is good
relation between red reflectance and biomass.

Rice Area Estimation

Many of the same issues concerning crop type
identification also affect crop area measurement from
remotely sensed dafa. This is because ¢ crop type iden-
tification is a necessary first step to area estimation.
There are a few i issues that are not axcluswely re-
lated, but tend to more specifically pertain to crop

Figuer 6.'Rice crop i

method-—red color:indicates rice area;
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Tabie 1. Rice area estimated under diffcrent classification
methods and percentage of differences over ‘observed values.:

“bereduced to 10—15%.

SAILAJA ET AL

By, correcting cloud area percentage difference will

Rice area (hectares) ;mdcr different classific-

. district level. Garedapally and Miraylaguda mandals

District  ations) (percentage of difference between ob-
name served and calculated values) ¥
Supervized Unsupervized: NDVI + .Observed
Unsupervized data
‘Nalgo-
nda 267161.71 140662.66 . 13527027 117401
-56.06 -16.53 -13.21

area estimation, including positional accuracy, mixed
pixels and pixel size, and a mismatch between indi-

vidual and overall accuracies of the results. Pixel size *

of the remotely sensed data also affects positional
accuracy of boundary lines in crop area estimates
and therefore should be considered for its appropri-
ateness to a particular application. Ore prominent is-.
sue is the relation of the pixel size to the paddock size
(or feature element) being measured (20). There were
slight diffe among area calculations observed
from methods 2 and 3 and differences were more be-
tween 1and 3 and 1 and 2 methods. )

* Vilidation with Secondary Data

Rice area estimated under different classification
methods was compared with secondary data values
and percentage differences over. observed and ana-
lyzed values were shown in the Table 1. By the
supervized classification process rice area was over-
estimated on an average by 56.05% for Nalgonda dis-
trict, There was 16.53% overestimation observed with
unsupervized classification. LR

There was 13.21% under estimation with combi-
nation method of NDV1 and unsupervized classifica-
tion. Mandal AOTs were used to extract mandals from
this classified map. Area estimated for each mandal is
listed in the Table 2. Major rice growing mandals
(>7,000 ha) showed underestimation values (12—88%)
and mandals with rice growing area <1,000 ha showed
overestimation over observed values.

Garedapally and Miraylaguda mandals showed
12—13% differences over observed values.
Neredcherla mandal showed 20% underestimation
and Chilkur and Huzurnagar showed 86—88% un-
derestimation compared to observed values. Cloud
coverage is more in Chilkur and Huzurnagar (840 ha):

; Tice area less than 1,000 hectares exhibited over esti-

_ Similar method applied at mandal level showed
asonable diff¢ d to classification at

showed 1-—3% differences over observed values.
Neredpally mandal showed 12.85 underestimation and
Chilkur and Huzurnagar showed 30—35% underesti-
‘mation compared to observed values. Mandals where

‘mation of nearly 4—30% over observed values (21).
_Table 1 shows that the combination method of
NDVI and unsupervized classification appears can
be effective for estimating area under rice in this study,
particularly when rice is the dominant crop. Human
error in digitizing, lack of knowledge of study area,
and other factors can contribute to inaccuracies in
estimates by the supervized classification method.

A threshold value to distinguish vegetative por-
tion from non-veg portion in_combi ion
mettiod was defined at 0.15. Some uncertainties in
vegetation detection can also be associated with the
choice of this threshold value. The threshold value
will usually be between 0.1 to 0.2 as vegetation is
bright from 0.1 upwards. Comparing NDVI with mas-
ter image can lead to’ better process of fixing the
threshold valie. Ateas where zones of vegetation are
too small and intersected are partly missed with such
a threshold. But a too low threshold set to inclu
such low NDVI would seriously over-estimate veg
etation in other areas. .

The successful application of our methodology
to other areas will depend on a number of factors
including the secondary data estimates, mixture of
crops grown in that area, crop condition at the time of
satellite overpass and land scene anomalies. The vari
ables that are used to redistribute the crop area s
tistics are crop specific. This is because agricultu
systems face continual changes due to effects of
world economy agro-environmental and socio-eco:
‘riomic variables (22). Given enormous impact of th
changes further research needs to be carried out us
ing the temporal aspect to incorporate the nature
different crop types throughout the growing seas

X Conclusion
The common thread in crop type identifi
applications is-an attempt to achieve greater
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Table 2. Rice area estimated for different mandals (extracted from district classified map) under combination method and
percentage of differences over observed values,

Mandal Mandal .. Percentage
code name Calculated Observed ..increase
2302 Alair 511.66 423.00 o =17.33
2303 Gundala 1283.21 934.00 -27.21
2304 Tirumalagiri 1119.63 1403.00 . 25.31
2305 Thungathurthy 1186.95 1379.00 16.18
2306 Nutankailu 1816.13 934.00 -48.57
2307 Atmakur (s) 1980.91 1975.00 -0.30
2308 Mothey 1303.85 1162.00 ....m10.88
2309 Nadigudam 2233.41 1403.00 -37.18
2310 Kodad ....6822.39 "4811.00 ~29.48
2311 Medlacheruvu g 7480.42 +::1200.00 ~83.96
2312 Mattampalli 329152 1425.00 3 -56:71
2313 . Neredcherla 7044.11 . 8471.00 20.26
2314 .. Damercherla - 5710.98 1607.00 -71.86
2315 Peddavoora 1808.07 747.00 peitin ~58.69
2316 Pedda adiserlapa 1020.39 643.00 -36.99
2317 Chandampet ..886.75 245.00..: 2 =12.3T:
2318 Gundlapally. . 268.67 442.00 64.51
2319 Deverkonda 828.76 818.00 ) ~1.30
2320. Chinthapally 795.74 483.00 =39.30
2321 Marriguda 1458.44 : 450.00 S : ~69.157:
2322 Narayanpur 2036.64 .. 847.00 : ~58.41
2323 Choutuppal .~ 11056.23 .. 793.00 ~24.92
2324 Pochampally, 3194.32 2924.00 -8.46

© 2325 Bibinagar 2196.24 © 1480.00 E i =32.61°"
2326 Bommala ramaram 1761.24 831.00 ~52.82
2327 Turkapalli 624.54 486.00 ~22.18
2328 Yadagirigutta ... 1964.30 468.00 -76.17
2329 Atmakur 1 ; . 145474 1154.00 ~20.67
2330 Mothkur. 795.74 969.00 21.77
2331 Jajireddy gudem 1198.27 1504.00 25.51
2332 Suryapet . 841.19 1523.00 81.05
2333 Chevemula 699.04 615.00 =12.02
2334 Mungala 1182.86 : +-1717.00. 45.16
2335 Chilkur. 3798.27 7084.00 86.51:-
2336 Huzurnagar 3992.05 i 7540.00 . ;.- 88,88
2337 Garedapally 7452.61 8411.00 B 12.86
2338 Penpahad. 1019.88 - 738.00- - ; -27.64
2339 Miryalaguda 9015.15 10114.00 1219
2340 Tripuraram 3322.09 4964.00 i 49.42
2341 Nidmanoor 8360.43 §732.00 ~3144
2342 Anumula g 4649.06 ©:-3255.00 . 1=29.99
2343 Gurrampode: 1222.79 1008.00 -17.57
2344, Nampally .985.32 293.00 ~70.26...
2345 Chandur 1175.74 640.00. - -45.57
2346 Mungode 1410.67 1044.00 ~25.99.
2347 Chityal 8 1558.89 831.00 : -46.69:
2348 Ramannapet 2388.76 1952.00 -18.28:
2349 Valigonda 4017.14 2376.00 -40.85
2350 Bhonagir: 1960.98 1474.00 -24.83
2351 Narketpalli 1398.83 1177.00 .= 3 -15.86
2352 Shali'Gouraram - : 1219.87 1894.00 P 55.26
2353 Nakrekal ¢ 799.71 779.00 -+ iR ~2.59.5
2354 - Kethepalli~:: 828.98 1200.00 =i i 44376

2355 Vemuiapalli ; 247511 ¢ 2886.00 S5 16.60°




226

Table 2. Continued.

SAILAJA ET AL

Mandal Mandal Percentage
code name Calculated Observed increase
2356 Tipparti’ 1295.52 945.00 =27.06
2357 Kangal 1285.75 1553.00 20.79
2358 Nalgonda 1064.79 1563.00 46.79
2359 Kattangur 71434 784.00 9.75
135270.08 116503.00 -13.87
racy from remotely sensed data. To plish this, Nat.symp. on remote seasing for natural
K resources with special with'special emphasis on water

researchers have looked into various, alternatives.
Most of these alternatives have to do:with the type
of sensor (i.e. optical or microwave), number of im-
ages (i.c. single-date or multi-date), timing of the im-
agery, or processing technique. ‘Although these char-
acteristics certainly make a difference in the results
attained, the frait that seemed to be most relevant
was an appropriate use of the spatial data in combi-
nation with process understanding. The combination
method developed for identifying the rice crop in this
study can be used to process other major crops. This
method is more effective when it is used at block level
than extracting from the district map.-
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