& IWA Publishing 2011 Journal of Hydroinformatics 9 13.4 9 2011

661

Use of Landsat ETM+ data for delineation of water
bodies in hilly zones
Vijay S. Bhagat and Kishor R. Sonawane

ABSTRACT
The remotely sensed Landsat Enhanced Thematic Mapper Plus (ETM þ ) dataset is used for the
detection and delineation of water bodies in hilly zones. The water bodies were detected using
Surface Wetness Index (SWI), Normalised Difference Vegetation Index (NDVI) and a slope map.
The assessment of areas under dense vegetation in water bodies is omitted in the combined map
prepared using classified raster images showing (1) the distribution of ‘water’ and ‘non-water’
based on SWI and (2) the distribution of ‘vegetation’ and ‘non-vegetation’ based on NDVI. The
shadows’ effect in estimated areas under water bodies is detected and delineated using the
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combination of (1) a combined raster image (classified SWI and NDVI) and (2) a slope map. About
3.8% (1370 ha) of the total area reviewed is estimated under water bodies with 91.74% overall
accuracy. The water bodies include (1) major and minor dams, (2) watered streams, (3) springs
distributed in foothill zones and (4) small dams on minor streams. The relatively smaller water
body objects, i.e. streams and springs, have estimated less producer’s (92–96%) and user’s
(85–92%) accuracy than the major water bodies, i.e. 96.77% producer’s and 100% for user’s
accuracy.
Key words 9 indices slicing, map combinations, NDVI, overlay, SWI, topographic shadows

INTRODUCTION
Over 1.2 billion people in the world do not have access to

identified basic issues in water resource planning and man-

clean water to meet their basic needs and 2.6 billion do not

agement. These problems and issues affect applications of

have access to basic sanitation (WHO 2003). More than 27

people–environment-focused integrated water management

nations are facing water scarcity and 19 nations are consid-

(Warner et al. 2006). It demands basic information about the

ered as water-stressed (WRI 2004). In fact, there is no real

quantity, quality and distribution of available water resources.

water shortage, but it is a matter of managing and distributing

Recently, leading authorities and personalities have argued

the resources better (Bindraban et al. 2006). Imbalance

the importance of information technology with public parti-

between availability and demand, degradation of water qual-

cipation in the better assessment, planning and management

ity, depletion and lack of security in groundwater availability,

of water resource (Troell et al. 2005).

inter-sector and intra-sector competition, and inter-regional

The quantity, quality (Deosthali 2005; Kumar et al. 2007)

and international conflicts are the most common water-

and area covered by water bodies have been estimated by

related problems. In addition to that (1) increasing degraded

many scientists across the globe by using different ways and

and desert lands, (2) increased trend of salinisation and water

methods. Jongman & Padovani (2006) have noted the

logging as an impact of over-irrigation, and (3) high demand

requirement of integration between researchers and stake-

for fresh water for urban and industrial use are widely

holders for water resource management in river basins.

doi: 10.2166/hydro.2010.018
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Some of them have used satellite data and GIS techniques for

and Landsat 7 (Huang et al. 2002) at-satellite reflectance are

estimations of the total volume of water in man-made as well

useful in estimating surface brightness, greenness, wetness,

as natural water bodies (Bhagat 2008) and pollution in water

etc., for pixel to pixel DN (digital number) values. Surface

bodies including oceans, rivers, lakes and groundwater

Wetness Indices (SWI) based on TCTD are useful for a

(Kumar et al. 2007; Pawar et al. 2008). The estimations

better understanding of the spatial distribution of surface

include the area covered and spread of water storage and

wetness (Oza et al. 2006; Patel 2006; Bhagat 2009). With

river tracks in floods and ocean water in high tide conditions

few limitations, the wetness indices are potentially capable of

in coastal areas. These techniques have become more useful

providing indications of relative variations in surface wetness

in developing early flood warning systems (Mioc et al. 2008).

conditions.

Remote sensing techniques have been used to estimate water

Remotely sensed data has been widely used for forest

availability and productivity (Dam et al. 2006) with flood and

classification and their correlations with parameters like

drought affects on agriculture (Patel 2006).

slope, soil moisture and water table (Gong et al. 2004; Bhagat

The poorest of the poor are most affected by the lack of

2009). Forest studies extensively utilize ETM þ (Landsat 7

access to a water-based productivity system (Warner et al.

Enhanced Thematic Mapper Plus) datasets for forest identi-

2006). Agriculture is a major user of the available fresh water

fication and classification (Gong et al. 2004; Ramsey et al.

for irrigation. Irrigation performance analyses have suggested

2004) with a good accuracy level. The Normalised Difference

that irrigation systems need to be rehabilitated and moder-

Vegetation Index (NDVI) based on the ETM þ dataset is

nised to improve performance (Pavlov et al. 2006) and reach

potentially useful to delineate whether the lands have green

the poorest people. Agricultural water balance and the

cover or not (Kiage et al. 2007).

volume of irrigation water as compared to economic output

In the present study, Landsat 7 ETM þ data is used for

and expenditure are considered as irrigation performance

preparing SWI and NDVI. The SWI raster image is prepared

indicators. The available water should be used as irrigation

using TCTD (Huang et al. 2002). Based on these images, with

security against the conditions of crop failure in droughts

the help of a slope map, water bodies in hilly zones of the

(Bhagat 2004). All these situations are suggesting the need for

upper Pravara basin of the Ahmednagar district, Maharashtra

water volume estimations prior to applications.

(India) have been identified (Figure 1). The slope map is used

Remote sensing techniques are used for estimations of

for masking the area under shadows included in the esti-

water bodies by many researchers and planners in different

mated water bodies using SWI (Giles 2001; Bolch et al. 2008;

fields, viz. hydrology, oceanography, ecology, etc. However,

Racoviteanu et al. 2009). Google Earth images and field

most of the manmade water reservoirs are located in hilly

verification (December 2009) were used to collect ground

zones. Fresh water and topographic shadows appears similar

truth information. The methodology formulated in this study

in optical–infrared remote sensing data and cause confusion

can be used as a rapid assessment tool for estimating (1) the

in the detection and delineation of water bodies in hilly zones

volume of water in storage, (2) flood-affected areas, (3) water

(Small 2004). Automated delineation of shadows remains a

spread in tidal conditions in coastal areas and (4) waterlogged

challenging task (Racoviteanu et al. 2009) and visual inter-

areas due to over-irrigation, mainly in hilly zones.

pretation with manual editing has been widely suggested for
the correction of topographic shadowing effects. In the present study, an automated delineation technique is used to

STUDY AREA

separate the water bodies and assessment of areas under
topographic shadows in estimated water bodies using remote

The study area forms part of the upper Pravara basin

sensing data.

(35794 ha) of the Ahmednagar district, Maharashtra (India)

It is possible to assess the surface wetness by applying

(Figure 1). It is a valley between two offshoots, i.e. Kulangarh-

conventional as well as remote sensing methods. Tasselled

Navaricha dongar-Kalsubai (1646 m) to the north and

cap transformed derivatives (TCTD) based on Landsat 4 (Crist

Sipnur-Ratangarh (1237 m) to the south extended from

& Cicone 1984; Crist 1985), Landsat 5 (Crist et al. 1986)

west to east from the Sahyadri mountain (Western Ghats).
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Figure 1 9 The study area: upper Pravara basin.

The slopes of these ranges are very steep, facing both north

rainy season (June–September). The river sometimes has

and south (Figure 2) which form shadows mainly on the

water downstream of the dam in the period given to agricul-

northern slopes. The depth and water-holding capacity of the

ture. The Nilvande dam, located downstream from the

soils are varied according to the slopes. Downhill slopes have
deep soils which sustain the wetness for a long time compared to the shallow soils. The average annual rainfall varies
from 606 mm on the eastern boarder (Chitalwedhe) to
5366 mm on the western boarder (Ghatghar). The deep
soils are covered by medium to dense deciduous and evergreen monsoon forests in places and also some barren land.
There are three types of water bodies, i.e. (1) the major
reservoir (the Wilson dam), the oldest dam (100 years)
located in the central part of the study area and the Ghatghar
dam in the west, (2) small dams on small tributaries in the
northern area and (3) the Pravara River, the major nonperennial river flowing west to east and flooding only in the
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Approach I: index slicing

satellite data was captured (December 2000). This new water
body is not recorded in the data used for this study.

Surface wetness index (SWI)
The spectral characteristics of water are remarkably different

DATABASE AND SOFTWARE USED

from other land surface types (e.g. vegetation, soil, rock, road)
because of its strong absorption. Clear water has a low

The analyses for the present study are based on remotely sensed

spectral reflectance in the visible spectral region while other

data and field checks. The rectified Landsat 7 ETM þ dataset

surface covers have higher reflectance than water (Kiage

(path 147 and row 046, December 2 2000, available at ftp://

et al. 2007; Hui et al. 2008). Water bodies can be detected

ftp.glcf.umiacs.umd.edu/) is used as it has a good accuracy of

and delineated using simple slicing of a single band (Hui et al.

acquisition potential (Gong et al. 2004; Ramsey et al. 2004)

2008) or raster images showing calculated indices. Frazier &

(28.5 m pixel size, UTM (Universal Transverse Mercator)

Page (2000) have used band 4 (Dupigny et al. 1999) and band

coordinates (WGS84), zone-43N) in the identification and

5 using a density slicing approach for successful identification

classification of various environmental elements. This is the

of major water bodies. The Normalized Difference Water

winter season (December) and has probably cloud-free skies in

Index (NDWI) effectively discriminates the open water from

the study areas. The data is captured in cloudless weather. The

soil and vegetation (Wu et al. 2008). Hui et al. (2008) have

surface wetness index (SWI) (Equation (1)) is estimated using

found the NDWI and Modified Normalized Difference Water

bands 1–5 and 7. The Normalised Difference Vegetation Index

Index (MNDWI) useful for detection of changes in water

(NDVI) (Equation (2)) is estimated using the red and infrared

bodies. The MSS (Multi Spectral Scanner) band 7 (0.8–1.1

(IR) bands. Field checks were undertaken to verify the infer-

mm) has been found particularly suitable for distinguishing

ences drawn by the analyses. The remotely sensed dataset was

water from dry surfaces due to the strong absorption of water

compiled, merged and loaded into the Windows-based GIS

in the near-infrared range of the spectrum (Frazier & Page

image processing software ILWIS 3.4 Academic (2004). About

2000). Wang et al. (2002) have added Landsat TM band 7 to

121 samples distributed in classified groups have been collected

band 4 to delineate the inundated areas. Frazier & Page

from GPS (WGS84 UTM Zone 43N)-based ground verification

(2000) have found all three infrared bands performed signifi-

and Google Earth images for the assessment of accuracy.

cantly better than the visible bands for achieving high overall
accuracy and user’s accuracy. However, no single band can

METHODOLOGY

accommodate all aspects of the water environment (Ryu et al.
2002). The at-satellite reflectance-based Tasselled Cap Coeffi-

Image processing (Figure 5) in the present study can be

cients suggested by Huang et al. (2002) are useful to get the

discussed in six steps: (1) preparation of FCC (False Colour

combined effect of bands 1–5 and 7 in a single raster image

Composite) (Figure 1) using bands 2–4, (2) preparation of

which can be sliced into different classes. The surface wetness

raster image depicting surface wetness indicating wet and dry

index (Equation (1)), generated using at-satellite reflectance-

areas, (3) preparation of NDVI raster image to classify the

based Tasselled Cap Coefficients (Huang et al. 2002), is tested

area as vegetation or non-vegetation, (4) delineation of water

successfully for classification of land according to different

bodies, (5) detection and correction of the shadows included

levels of surface moisture (Bhagat 2009):

in water bodies and (6) accuracy estimations. A simple indexslicing approach (permanent classification of raster images
using fixed threshold values) is adopted for detection and
delineation of water bodies (Figure 5) and a combination
approach for the detection and correction of areas under nonwater bodies included in the detected water bodies.
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The SWI (Equation (1)) is calculated using at-satellite-

The water bodies taken into consideration for this study are

based reflectance showing maximum values for water bodies

temporary man-made storage areas or flowing water. They

(180) and minimum values (145) for dry lands which are

are not stable enough and suitable for growth of such kinds of

rocky, sandy or barren. Values greater than 2 are considered

plants in water:

as water and smaller values indicate no-water (Figure 3).
The SWI is used to classify the reviewed area into ‘water’ and

NDVI¼IRred/IRþred:

ð2Þ

‘no-water’ with the help of the ‘slicing’ operation in ILWIS.
The ‘slicing’ operation in ILWIS is useful for permanent

The maximum NDVI (0.45) value is estimated in dense

classification of raster images using fixed threshold values.

forest areas and the minimum (0.26) in water bodies. The

However, the class ‘water’ includes areas of deep soils

identified values of NDVI are broadly grouped into vegeta-

covered by dense ‘evergreen and deciduous’ forest and

tion (40) (deciduous and evergreen monsoon forest) and

areas under ‘topographic shadows’ where SWI is compara-

non-vegetation (o0) (water bodies, barren and rocky

tively larger. This added area has to be separated from the

land) (Dupigny et al. 1999; Kiage et al. 2007) classes (Figure 4)

class ‘water’. The validation was carried out by intensive field

with the help of the ‘slicing’ operation in ILWIS. The class

checks.

‘non-vegetation’ includes water bodies, rocky, sandy or
barren land (Dupigny et al. 1999). Thus, the objective, deli-

Normalised difference vegetation index (NDVI)

neation of water bodies from other land cover, is not served
using NDVI classification. However, the areas under dense

Band 3 (red) provided a vegetation discrimination ability, as

forest having high soil moisture are classified in the class

well as a heightened contrast between vegetated and non-

‘vegetation’.

vegetated areas (e.g. bare soil and roads). Band 4 (IR) allows
the separation between water bodies and vegetation (Dupigny

Approach II: combinations of classified images

et al. 1999; Frazier & Page 2000). Therefore, the Normalized
Difference Vegetation Index (NDVI) (Equation (2)) has a

The combinations of different bands and classified images are

great potential for discrimination of the areas under water

used by many researchers for the detection and separation of

from other land cover (Sanyal & Lu 2004; Kiage et al. 2007).

various surface elements. Bhagat (2009) have combined clas-

However, permanent water bodies like ocean water show a

sified NDVI and SWI raster images for the detection

response in the visible region due to phytoplankton pigment

of potential areas of afforestation. Harma et al. (2001) have

which imparts a green colour to the sea water (Dayaker 2003).

suggested band combinations for the interpretation of

Figure 3 9 Distribution of water and non-water areas based on the SWI.

Figure 4 9 Distibution of vegetation and non-vegetation areas.
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Table 1 9 Class merging scheme

water quality. Here, the classified SWI raster image has been
combined with a classified NDVI raster image for the detec-

Vegetation classes

tion of areas included in water bodies. The classes generated
in this combination showing similar characteristics are
merged using GIS software.

Wetness classes

Vegetation

Non-vegetation

Water

Non-water
(dense vegetation)

Water

No-water

Non-water (sparse
vegetation)

Non-water (rocky,
sandy and
barren lands)

Classified SWI and NDVI raster images
The combination (Figure 5) of classified SWI (Figure 3) and
NDVI (Figure 4) raster maps prepared in ‘approach I’ has
generated four classes (Table 1) such as (1) vegetation 
water, (2) vegetation  no-water, (3) non-vegetation  water

surface wetness and dense vegetation. These areas have

and (4) non-vegetation  no-water. Here, it is considered that

been detected and corrected from the class ‘water’ in the

dense vegetation cannot be grown in the temporary water

classification based on the SWI in the last approach. How-

bodies, especially in man-made reservoirs and flowing

ever, shadows associated with steep slopes are still included

water. Therefore, out of these combinations, the class ‘non-

in this classified water body due to having the same reflec-

vegetation  water’ is considered as a water body (Figure 5).

tance (Frazier & Page 2000; Small 2004; Hendriks & Pellikka

The class ‘vegetation  water’ shows comparatively more

2007).

FCC

Water:
1. Water bodies
2. Deep soils with
dense vegetation

SWI

NDVI

Slicing

Slicing

Non-water:
1. Rocky and barren
land

Vegetation:
1.Dense vegetation
2.Sparse vegetation

Two classes

Two classes
Combination

Visual interpretation

Map: 4 classes
[2 (figure 3) × 2 (figure 4)]

SOI Topomaps

Class merging

Contour map

Water with
shadows

Slope map (º)

Non-vegetation:
1. Rocky and barren
lands
2. Water bodies

Land cover other
than water

Map overlay

Water bodies

Map: water bodies
Figure 5 9 Schematic for image processing.
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Combined raster image (SWI and NDVI) and slope map

Table 2 9 Slope classes

No.

Class

Slope (1)

Area (ha)

remote sensing data and cause confusion for image classifica-

1

Gentle

o1

2931

tion studies (Small 2004). There are two common causes of

2

Moderate

1–3

4463

shadows, i.e. topographic features and clouds. The high lands

3

Stiff

3–6

5650

or clouds block direct solar radiation from reaching the

4

Steep

6–12

7765

surface and being reflected to the sensor (Giles 2001; Bolch

5

Very steep

12–20

6270

et al. 2008). Automated delineation of shadows included in

6

Extra steep

20–30

4954

the results after image processing remains a challenging task

7

Precipitous

430

3759

Fresh water and shadows appears similar in optical–infrared

for the analysts (Racoviteanu et al. 2009). Visual interpretation and manual editing have been widely suggested for the
correction of topographic shadowing effects. Digital terrain
information generated in GIS was demonstrated to be useful
for automated image analysis, data processing and modelling
(Giles 2001; Bolch et al. 2008; Racoviteanu et al. 2009). The
image used for the study is captured in cloudless clear
weather. The shadows appearing in the image are only due

RESULTS AND DISCUSSION
Approach I
Distribution of water and non-water areas
based on SWI

to steep and high land topography. Therefore, they are
detected and delineated in a combination of the combined

The surface wetness index estimated using at-satellite reflec-

raster image (classified SWI and NDVI) and the slope map.

tance-based Tasselled Cap Coefficients suggested by Huang

The slope map has been prepared (Figure 2) using topo-

et al. (2002) is found to be more suitable than the NDVI to

maps (Survey of India- 47E/10, 47E/11, 47E/14, 47E/15,

delineate the water bodies from other land cover (Figure 4).

surveyed in 1973–4). The contours (20 m interval) have been

The area under ‘water bodies’ is estimated to be about 4.8%

digitised using these topomaps and the slope is calculated in

(1713 ha) of the total reviewed land (35 794 ha) and 95.2%

degrees using the operator ‘slope – output slopemap in

under other land cover (Table 3). The water bodies includes

degree’ available in the ILWIS (Academic 3.4) GIS software.

major dams, small tanks built on small tributaries and springs

The resolution of the calculated slope map is 28.5 m. The

in the foothill zones. However, the areas of high wetness in

slope map has been classified into different broad classes

deep soils covered by dense deciduous and evergreen mon-

(Table 2) using the ‘slicing’ operator. This classified slope map

soon forest and shadows on sloping areas on northern hill

has been combined with the raster map showing water bodies

sides are also included in the class ‘water’. Also (1) all types of

(Figure 5) for the detection and correction of the area under

other forests, (2) rocky and barren land, and (3) sandy, rocky

shadows included in the class ‘water’. Here, it is considered

and barren areas in rivers and dams are included in the

that water can be stored in gently sloping (o11) or flat areas.

category ‘non-water’. Thus, the estimated area of water bodies

The shadows are associated with ‘very steep (12–201) to

includes deep soils covered by dense forests and shadows

precipitous (4301) (Table 2) land in the study areas. There-

which have to be separated.

fore, the area of shadows on ‘very steep to precipitous’ slopes
included in the class ‘water’ was delineated from the water
bodies by separating the areas of ‘very steep to precipitous’
slopes. The spatial query was performed using a simple overlay technique, i.e. logical operators for the delineation.
Finally, water bodies in the form of reservoirs, small tanks
built on small tributaries and some land covered by a thin
water film due to springs have been detected.
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Table 3 9 Distribution of water and non-water areas based on the SWI

No.

Class

Threshold SWI

Area (ha)

Area (%)

1

Non-water

r2

34 081

95.2

2

Water

Z2

1713

4.8

35 794

100

Total
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approach. The deep-soil dense forested areas are separated

Vegetation and non-vegetation areas

by the combined process of classified SWI and NDVI raster
The pixels showing NDVI values in the raster image are

images. However, the areas covered by shadows on very

clustered into two classes, i.e. ‘vegetation’ and ‘non-vegetation’.

steep northern slopes are still included in this estimated

About 82.8% of the study area (Table 4) is classified in the

area of water bodies (Figure 6).

category ‘vegetation’ and 17.2% (29 654 ha) into ‘non-vegetation’. The class ‘vegetation’ (Figure 4) includes all types of

Detection and correction of shadows’ effect

vegetation, i.e. dense forest, spares forest, bushes, crops and
grass. Band 4 (IR) is highly sensitive to the chlorophyll

The assessment of the shadows’ effect is omitted in the pro-

content in plant leaves. The reflectance from freshwater

cess of map combination, i.e. (1) water bodies with shadows

bodies, and barren, rocky and metalled areas is recording

(Figure 6) and (2) the distribution of slopes (Figure 2). The

the absence of plants and chlorophyll content. Therefore,

area under water bodies (Figure 7) is estimated as about

all these kinds of areas without vegetation are accounted

3.8% (1370 ha) of the total area reviewed in the present

for in the class ‘non-vegetation’, i.e. water bodies, rocky,

study (Table 6). About 0.7% (225 ha) of the total reviewed

sandy and barren lands. The class ‘vegetation’ includes

area is covered by topographic shadows, which are included

areas under dense vegetation on deep soil where soil moist-

in water bodies detected in the previous combination.

ure is high and included in the class ‘water’ found in the SWI

Thus, the area under ‘water bodies’ estimated using the
SWI raster image accounts for about 4.8% (1713 ha) of the

classification.

total reviewed area. About 20% of this classified area as water
bodies has been detected as areas under dense vegetation

Approach II

(119 ha) and topographic shadows (343 ha). Finally, about
3.8% (1370 ha) of the total area reviewed is estimated as

Estimated water bodies based on SWI and NDVI

‘water bodies’ in the study area. These water bodies include
About 4.5% (1595 ha) of the total reviewed area (Table 5) has

(1) the Wilson dam, (2) the Pravara River, (3) two small dams

been classified as water bodies in combined maps of classified

on small tributaries in the northern area, (4) springs in the

SWI and NDVI classes (Figure 5). This figure is less (4.5%)

foothill zones and (5) small dams on the minor streams. The

than the water bodies estimated by using the SWI (4.8%). It

springs and small dams are very much smaller in size than

means that about 0.3% (119 ha) of the area included in the

shown in the satellite window of the final resulting map

SWI-based classification is detected and omitted in this

(Figure 7).

Table 4 9 Distribution of vegetation and non-vegetation areas

No.

Class

Threshold NDVI

Area (ha)

Area (%)

1

Non-vegetation

r0

6140

17.2

2

Vegetation

Z0

29654

82.8

35794

100.0

Total

Table 5 9 Estimated area under water bodies based on combination of SWI with NDVI

No.

Class

Area (ha)

Area (%)

1

Non-water

34 200

95.5

2

Water

Total

1594

4.5

35 794

100.0
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Table 6 9 Distribution of water bodies

No.

Class

Area (ha)

Area (%)

1

Non-water

34 424

96.2

2

Water

Total

1370

3.8

35 794

100.0

i.e. maps, classified images, etc.. or data collected by offering
‘ground validation’. In the present study, classification categories have been compared with the data obtained from
ground validation and Google Earth images (124 samples)
in the ‘Error matrix’ (Table 7) and accuracy estimated at the
user’s, producer’s and overall accuracy level.
The overall accuracy of the classified final map is estimated at about 91.74% with variation in producer’s and user’s
accuracy. The major water bodies are estimated up to 96.77%
for the producer’s and 100% for the user’s accuracy. The
assessment of the areas under shadows is omitted using

Figure 7 9 Distribution of water bodies.

simple topographic information in GIS. However, the slope
map generated for the study has some errors in slope calculations. In the process of final combination, some areas under

ACCURACY ASSESSMENT

major water bodies at the border are omitted due to this
miscalculated slope area. These incorrect digital calculations

Accuracy assessment is a comparison between the classes

have reduced the accuracy of the classified map. The small

obtained in the image processing and the reference classes for

rivers have less producer’s (95.83%) and user’s (92%) accu-

particular elements studied. Rahman & Saha (2008) have

racy. The springs are more unstable, while thin and confused

suggested that the sample size should take at least 30 samples

water bodies in nature are estimated at about 92.31% produ-

for each category for an accuracy estimation of 90%. The

cer’s and 85.71% user’s accuracy. Some of the springs may

reference data can be considered as the reference literature,

become dry after the process of image capturing.

Table 7 9 Error matrix

Reference class
Classified classes

Major dam

Minor tanks

River

Springs

Major dam

30

0

0

0

Minor tanks

0

11

0

0

River

0

0

23

0

Springs

0

0

0

24

Non-water lands

Total samples

User’s accuracy (%)

0

30

100

0

11

100

2

25

92.00

4

28

85.71
85.19

Non-water lands

1

0

1

2

23

27

Total samples

31

11

24

26

29

121

Producer’s accuracy (%)

96.77

100

95.83

92.31

79.31

Overall accuracy 91.74%
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CONCLUSIONS
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waterlogged areas based on previously acquired techniques
for the identification of surface wetness levels and forest

The detection of water bodies provides the information base

classifications using remotely sensed data and slope maps.

for better planning, managing and monitoring water resources.
The remotely sensed Landsat ETM þ dataset is useful for the
detection and delineation of water bodies. The SWI generated
using at-satellite reflectance based on Tasselled Cap Coefficients (Huang et al. 2002) is useful to get the combined effect of
bands 1–5 and 7 in a single raster image which can be sliced
into different classes. The SWI raster image is classified into
classes ‘water’ and ‘non-water’. The class ‘water’ is estimated
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as about 4.8% area of the total reviewed area. However, the
class ‘water’ includes areas of deep soils covered by dense
‘evergreen and deciduous’ forest and areas under topographic
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