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ABSTRACT KEYWORDS
Knowledge of agricultural and horticultural land use percent is necessarily Remote sensing;
important for supplying human food and should be considered in Tasseled cap;
agricultural planning. Remote sensing provides valuable data on land use NDVI,
classes. Mapping land use through remotely sensed images comprises ICA;
various considerations, processes and techniques. In this research, four Supervised classification;
methods (ICA, Tasseled Cap, NDVI and supervised classification) have Irrigated lands.

been utilized for extraction of irrigated land classin a part of Hablehrood
watershed. The results of thisinvestigation showed that among the studied
techniques; ICA which uses the higher order statistical characteristics of
multispectral and hyper spectral imagery such as skewness and kurtosis
has the highest accuracy, whereas supervised classification has the lowest
accuracy. Moreover; this research revealed NDVI accuracy is more than

Tasseled Cap.

INTRODUCTION

With theincrease of population, aswell ashuman
activities, pressureon land hasbeenintensified*4. So,
knowledgeof agricultural and horticulturd land useper-
centisnecessarily important for supplying humans’ food
and should beconsidered inagriculturd planning. More-
over; separatingirrigated agricultura land from other
land use such asrainfed farming or rangeland and de-
termining thisclassareahel psto appropriately water
resource management. Remote sensing in conjunction
with Geographic Information System (GIS) isthe ad-
vanced tool for surveying vegetation cover. Remote
sensing data provide va uable multi-temporal dataon
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the processes and patterns of land cover and land use
change, and Gl Sisauseful techniquefor mappingand
andyzing these patternd®3. Mappingland usethrough
remotely sensed images comprises various consi der-
ations, processesand techniques. One of themisveg-
etation indices easy to understand and estimate2691517
wheresas; the Tasseled Cap transformation isanother
way to optimize dataviewing for vegetation studies*>7
and itsa gorithm providesthe correct coefficient for
MSS, TM4, and TM5 imagery. Also, Independent
Component Analysis(ICA) isahigh order extraction
technique of vegetation cover can beutilized for im-
proving the performance of land use classification’3tY,

Inthispaper, ICA, Tasseled Cap, supervised class-
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fication resultsand thesmplest vegetationindicessuch
asNormalized Difference Vegetation Index (NDVI)
which hasthe most accuracy!® have been utilized for
extractingirrigated agricultural land class.

We made a comparison among the above tech-
niquesto determinetheir accuraciesand redizethebest
method.

MATERIALSAND METHODS

Sudy area

The study area with 35611.59 hectares is a
subwatershed of North Hablehrood watershed |ocated
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formt*2, wasapplied for resampling low spatid resolu-
tion datato ahigher spatia resol ution. Cloudsand shad-
owswereremoved with piecewiselinear stretch using
apoly linefunction to enhance the contrast. More-
over; unsupervised classification was carried out for
generating aprimary classification using IsodataClus-
tering algorithm (classnumber=5, Iteration=12, con-
vergencethreshol d=%695).

In order to createtraining sampling points, strati-
fiedrandom agorithmwas utilized. Samplepointsfrom
variousclassesin theregion and with suitable numbers
were surveyed by GPS and 1: 25000 topographic maps.
Field surveying used 206 pointslocated intheirrigated

Figurel:

in Tehran and Mazandaran provinces. The selected
subwatershed liesbetweenthe’52° 36" 00" to 52° 49°
30"Eand35°41°30"to35° 57" 30" N (Figures1and
2), which iscomposed of different land uses such as
rangeland, agricultural land, residentid area.

Satellitedata

ETM+imagein 2002 wasimplementedinthisre-
search whereasthe satelliteimage was georeferenced
with 20 wel| distributed ground pointsusing 1st-order
and nearest neighbor resampling. So, the Root Mean
Square Error (RM SE) of 0.84 Pixel wasestimated for
thisimage.

M ethodology

Imagefusion wasperformed using ETM+image
pan band (15 meters resolution) as high resolution
whereas forward-reverseprincipa componentstrans-

Figure2: NDVI result
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agricultura land classfor investigating the accuracies of
different enhancement techniques.

Among these 206 sampling pointsinirrigated area,
103 pointswere used for classfication processand the
restswerekept for accuracy assessment.

According to the pixel value range of sampling
pointsinirrigated area, anon-parametric classfiction
(Pardldepiped) wasimplemented on theenhanced im-
agesresulted from ICA and Vegetation index methods
(Tassdled Cap and NDV 1) at thebaseof 103 sampling
points.

In supervised classification; 206 sampling points
wereused for classification, and theimagewasclassi-
fiedintotwo classes(irrigated areaand rangel and).

For accuracy assessment, error matriceswere used
with overall accuracy, user’s and producer’s accura-
cies, and the Kappa statistic were then derived from
theerror matrices.

The K gppastatistic represents agreement obtained
after removing the proportion of agreement that could
be expected to occur by chancel.

ArcGlSwasapplied for estimating theirrigated ag-
ricultural land areaof each index performance.

RESULTS

Theresultsof performing classficationonlCA, veg-
etation index (Tasseled Cap and NDV1) and Super-
vised Classificationwereshownin Figures2,3,4,5. Er-
ror matriceswere gpplied to assess classification accu-
racy summarizedin TABLE 1. Error matrix of NDVI
indicated that 98 pixe sweredlocated toirrigated agri-
cultura land classwhich dl of them corresponded with
ground truth whereas 4 of 5 pixelsof other land uses
classwere categorized fa sely. In supervised classifica
tion technique; al pixelsof irrigated agricultural land
(91 pixels) wereclassified well but 11 of 12 pixelsof
another class(class 2) were classified by mistake. Of
96 irrigated land pixels of Tasseled Cap; all of them
wereclassified truly but 6 of 7 pixelsof another class
were categorizedfalsdly.

Findly, inICA; 102 pixelswereclassified asirri-
gated agricultura land which corresponded with ground
truth and no pixel wasattributed to other land usesclass
(class2) fasdy.

Also, ascanbeseenin TABLE 2, all users’ accu-
racieswere 100% whereasthe producer’s accuracies

Figure4: Supervised Classification result

of NDVI, ICA, Tasseled Cap and supervised classifi-
cation techniques were 96.08%, 100%, 94.12%,
89.22%. Furthermore; for NDVI, ICA, Tasseled Cap
and supervised classification techniques, theoverdl ac-
curacies were estimated 96.12%, 100%, 94.12%,
89.32%, respectively and Kappa statistics were
0.3224, 1,0.2370 and 0.1384, respectively.
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Figure5: Tasseled Cap result

TABLE 1 : Error Matrices by different enhancement
techniques

Class
Enhancement Classl (Otzher Total
techniques (Irrigated land) land row
uses)
Classl(irrigated
land) 98 0 98
NDVI Class 2(other 4 1 5
land uses) 103
Total column 102 1
Classl(irrigated % 0 %
land)
Tasseled Cap  Class 2(other 6 1 7
land uses)
Tota column 102 1 103
Classl(irrigated 100 0 100
land)
ICA Class 2(other 0 1 1
land uses)
Tota column 102 1 103
IC;Inads)sl(wngaIed o1 0 o1
Supevised - Classo(other 4 »
classification land uses)
Tota column 102 1 103

However; theirrigated agricultura land areaof each
enhancement techniqueisshownin Figure6 and the
areavalueswerelistedin TABLE 3. Theirrigated agyi-
culturad land areasexploited of NDVI, ICA, supervised
classification and Tasseled Cap methods were
1006.759, 1272.37, 35611.89 and 882.8 hectares;

respectively.
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TABLE 2: Summary of accur aciesby different enhancement
techniques

Producer’s User’s Overall Ka_pp_a
accuracy statistics
NDVI 96.08% 100% 96.12%  0.3224
Tasseled Cap  94.129%  100% 94.17%  0.2370
ICA 100%  100%  100% 1
Supervised 89.2206 100% 89.32%  0.1384
classification

TABLE 3: Irrigated agricultural land area by different
enhancement techniques

Enhanqement ICA Tasseled NDVI Super_wsgd
Techniques Cap classification
Area(ha) 1272.37 882.85 1006.759 35611.89

DISCUSSION

Image enhancement isthe process of making an
imagemoreinterpretabl efor aparticul ar application™.
So, many algorithmswere constructed as modelsto
enhancetheimage by transforming each pixel values
based on amultiband. Inthisstudy, theresultsof ICA
which performsalinear transformation of the spectral
bands such that the resulting components are
decorrelated and independent™, Tasseled Cap that
Rotatesthe datastructure axesto optimize dataview-
ingfor vegetation sudies*®!, NDVI that among various
vegetaionindicesavailable, hasshown best performance
to classify vegetation cover'® and supervised classifi-
cation technique, were compared.

Theresultsrevealed that the Kappa statistic and
overall accuracy of ICA which usesthe higher order
datisticd characterigticsof multispectra and hyper spec-
tral imagery such asskewnessand kurtosisisthehigh-
est among all techniqueswhereas supervised classifi-
cation hasthelowest accuracy inthisinvestigation. More-
over; NDVI overal accuracy and Kappa statistic is
more than those of Tasseled Cap but less than ICA
results. ICA attemptsto decompose the observed data
into componentsthet areassatisticaly independent from
each other aspossible, and can beviewed asanonlin-
ear generalization of Principal ComponentsAnalysis
(PCA)18, ICA dgorithmwhich enforcesindependence
wasthe most accurate techniquefor determining Irri-
gated agricultural land areain current study. So, the
Irrigated land class of the study area based on ICA
techniquewith the most accuracy was 1272.37 hect-
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