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Abstract: Sediments carried by the rivers are deposited in the reservoirs and cause several detrimental effects, 

which include loss of storage capacity, upstream aggradations, effect on water quality and damage or impairment of 

hydro-equipments. The deposition of sedimentation not only reduces the capacity but also the water-spread of the 

reservoir.  Satellite data has long been in use to estimate the water-spread area at different elevations of a reservoir, 

which in turn can be used to quantify the capacity of the reservoir. This methodology to estimate the capacity of a 

reservoir using remote sensing data involves hard or per-pixel based classification to delineate the water-spread 

area at a particular elevation. One of the limitations of this approach is that the border pixels, representing soil 

class with moisture, are classified entirely as water pixels, thereby giving inaccurate estimate of the water-spread 

area.  To estimate the water-spread area of Nagarjuna Sagar reservoir accurately, the sub-pixel or linear mixture 

model (LMM) approach has been adopted in this study. The sub-pixel approach uses a linear mixture model of the 

spectra to quantify the proportions of water and other classes present in each of the border pixels of the reservoir. 

IRS-1C and 1D satellite image data (24m) of eight optimal dates ranging from minimum draw down level (MDDL) 

to full reservoir level (FRL) were used to estimate the water-spread area of the reservoir. The extracted water-

spread areas using per-pixel and sub-pixel approaches were in turn used to quantify the capacity of the Nagarjuna 

Sagar reservoir. The estimated capacity of the Nagarjuna Sagar reservoir using per-pixel and sub-pixel approaches 

was 8101.63 Mm
3 
and 8014.49 Mm

3
 respectively.  
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1.  Introduction: 

      Natural processes, such as erosion in the catchment 

area, movement of sediment and its deposition in 

various parts of the reservoir, require careful 

consideration in the planning of major reservoir projects. 

The silt that is deposited at different levels reduces the 

storage capacity of the reservoir [1, 2]. Reduction in the 

storage capacity beyond a limit prevents the reservoir 

from fulfilling the purpose for which it is designed. 

Periodic capacity surveys of the reservoir help to assess 

the rate of sedimentation and reduction in storage 

capacity. Conventional techniques for the estimation of 

the capacity of a reservoir, such as hydrographic survey 

and inflow-outflow approaches, are cumbersome, time 

consuming and expensive, and they involve significant 

manpower. As an alternative to conventional methods, 

the remote sensing technique provides cost- and time-

effective estimation of the live capacity of a reservoir [3, 

4]. Multi-date satellite remote sensing data provide 

information on elevation contours, in the form of water 

spread area, at different water levels of a reservoir. The 

water spread area thus interpreted from the satellite data 

is used as an input into a simple volume estimation 

formula to calculate the capacity of a reservoir. Such 

work has been reported by [5] for the Malaprabha 

Reservoir in India, [6] for the Poondi Reservoir in India, 

[7] for the Bargi Reservoir in India and [4] for the 

Bhakra Reservoir in India. 

 

For quantification of the capacity of a reservoir, the only 

thematic information that has to be extracted from the 

satellite data is the water-spread area at different water 

levels of the reservoir [8, 9]. The different approaches 

such as maximum likelihood, minimum distance to 

mean classification and band threshold method, to 

delineate various thematic information from the remote 

sensing digital data adopt the per-pixel based 

methodology and assign a pixel to a single land cover 

type [10, 11] whereas in reality, a single pixel may 

contain more than one land cover (known as a mixed 

pixel). Mixed pixels are common especially near the 

boundaries of two or more discrete classes [12, 13]. The 

boundary pixels of the water-spread area that are mixed 

in nature, representing soil, vegetation class with 

moisture are also classified as water pixels when a per-

pixel based approach is applied, thereby producing 

inaccurate estimate of the water-spread area. To 

accurately compute the water-spread area to the 

maximum possible extent, thereby reducing the error in 



the estimation of capacity of a reservoir, a sub-pixel or 

linear mixture model (LMM) approach has been chosen 

for classifying the boundary pixels of water-spread area 

from different water levels of Nagarjuna Sagar reservoir 

located in Andhra Pradesh state of India.  

 

2. Study reservoir: 

 

      Nagarjuna Sagar is one of the world's largest 

masonry dam built across the river Krishna in 

Nagarjuna Sagar town, Nalgonda District of Andhra 

Pradesh, India, between 1955 and 1967. The capacity of 

Nagarjuna Sagar reservoir at FRL (Full Reservoir 

Level) during impoundment was 11,472 million cubic 

metres. The dam is 490 ft (150 m) tall and 1.6 km long 

with 26 gates which are 42 ft (13 m) wide and 45 ft (14 

m) tall. The geographic region pertains to the reservoir 

experiences hot and dry summer throughout the year 

except during the South-west monsoon season. The 

monsoon season is from June to September and 

retreating monsoon or the post monsoon season is 

during October to November. The average rainfall in the 

district is 772 mm. 71% of the annual rainfall is 

received during south-west monsoon. The mean daily 

maximum temperature is about 40
o 

C and the mean 

daily minimum is about 28
o
 C. The soils in and around 

the study reservoir mainly comprise loamy sands, sandy 

loams and sandy clay loams. In the areas of flat 

topography and alongside the river Krishna and its 

tributaries comprises mainly of black cotton soil.  

 

2.1  Satellite Data Used: 

 

      The image data used in this study were obtained by 

the Indian Remote Sensing (IRS) satellites IRS-1C & 

1D (LISS-III sensor) which provides a spatial resolution 

of 24 m and spectral resolution in four different bands 

(0.52-0.59, 0.62-0.68, 0.77-0.86, 1.55-1.70 μm). The 

different dates of satellite data used and the respective 

water level during the pass of the satellite over the 

reservoir are given in Table 1. Reservoir water level 

data and the hydrographic survey details have been 

collected from the Nagarjuna sagar reservoir authority 

responsible for the maintenance and operation of the 

reservoir.  

Table. 1 Details of satellite data used and the water 

level during the pass of the satellite over the reservoir 

 

Sl.No. Name of 

the 

Satellite 

Date of 

Satellite 

Pass 

Reservoir 

Elevation (m) 

1. IRS-1C 23.10.2001 175.32 

2. IRS-1D 12.12.2001 166.68 

3. IRS-1D 24.12.2001 164.74 

4. IRS-1D 25.02.2002 157.03 

5. IRS-1D 14.09.2002 156.94 

6. IRS-1D 11.05.2002 154.72 

7. IRS-1D 27.11.2002 153.19 

8. IRS-1D 22.12.2002 152.28 

 

3. Methodology: 

 

      The changes in water-spread could be accurately 

estimated by analyzing the areal spread of the reservoir 

at different elevations over a period of time using the 

satellite image data [9,1]. Both the per-pixel and sub-

pixel or Linear Mixture Model (LMM) approaches have 

been used in this study to extract the water-spread area 

of the reservoir. Estimated water-spread areas were used 

in a simple volume estimation formula to compute the 

storage capacity of the reservoir. Estimation of water-

spread area and computation of capacity of the reservoir 

using per-pixel and sub-pixel approaches are discussed 

in the following sections. 

 

3.1 Geo-referencing of satellite data: 

 

       In the IRS-1C and 1D (LISS-III) satellite data the 

reservoir water-spread area was free from clouds and 

noise in all of the eight images used. The image scene of 

23
rd

 October 2001 was geo-referenced with respect to 

1:50,000 survey of India topographic maps. The geo-

referencing was done using ployconic projection and 

nearest neighborhood re-sampling technique to create a 

geo-referenced image of pixel size 24m x 24m. 

Subsequently the other satellite images corresponding to 

various water levels were also registered with the geo-

referenced image using the image to image registration 

technique. In every image 20 to 25 ground control 

points were used, which resulted in a root mean squared 

error (RMSE) of 0.15 to 0.18 of a pixel. 

 

3.2  Per-pixel based approach: 

 

      The most widely used method for extracting 

information on the surface cover from remotely sensed 

data is image classification. Digital image classification 

uses the spectral information represented by the digital 

numbers in one or more spectral bands and attempts to 

classify each individual pixel (per-pixel approach) based 

on this spectral information. A number of commonly 

used per-pixel based classifiers exist including the 

maximum likelihood, the minimum distance to mean, 

mahalanobis distance and the parallelipiped classifiers. 

A detailed account of these and the other classifiers can 

be found in [14, 15]. The objective of the per-pixel 

based classifiers is to assign all pixels in the image to 

particular classes or themes (e.g. water, forest, urban, 

agriculture). The resulting classified image is comprised 

of a mosaic of pixels, each of which belongs to a 

particular theme and is essentially a thematic map of the 

original image. The per-pixel based classification can be 

divided into unsupervised and supervised classification. 

The underlying requirement of supervised classification 

techniques is that the user/analyst has sufficient pixels 

(training sets) available for which the true class is 

known. From these pixels, representative signatures can 

be developed for those classes for subsequent 

classification. 



 

The steps involved in supervised classification include 

(i) identification and decisions relating to the set of 

classes/cover types into which the image is to be 

segmented, (ii) choice of the representative pixels for 

each of the desired set of classes (i.e., construct the 

training data), (iii) estimation of the parameters (eg. 

class signatures) of the classification  algorithm from 

the training data, (iv) use of the classifier to label (or 

„classify‟) every pixel in the image into one of the 

desired/predetermined cover types, (v) production of 

thematic maps which contain the results of the 

classification, and (vi) determination of the accuracy of 

the classification by comparing the output to ground 

truth data. In this study, water-spread area was extracted 

using the most commonly adopted maximum likelihood 

classification approach. The estimated water-spread was 

in-turn used in a volume estimation formula to compute 

the capacity of the reservoir.  

 

3.3 Sub-pixel based approach: 

 

      The basic assumption of linear mixture model is that 

the measured reflectance of a pixel is the linear sum of 

the reflectance of the components that make up the pixel. 

The basic hypothesis is also that the image spectra are 

the result of mixtures of surface materials, shade and 

clouds, and that each of these components is linearly 

independent of the other [16, 17]. Linear unmixing also 

assumes that all the materials within the image have 

sufficient spectral contrast to allow their separation. In 

soft classification, the estimated variables (the fractions 

or proportions of each land cover class) are continuous, 

ranging from 0 to 100 percent coverage within a pixel. 

[18] and [12], proposed a mathematical expression for 

linear spectral unmixing. The theory behind this is the 

contribution of a series of end-members present within a 

pixel to its spectral signature. Hence, the spectral 

signature of a pixel would be derived from the sum of 

the products of the single spectrum of the end-members 

it contains, each weighted by a fraction plus a residue 

which would be explained by the following 

mathematical model: 

                   Ri = ∑ fk Rik  +  Ei                                    (1) 

 

where      ∑ fk  = 1                                                       (2) 

 

and        0 ≤   fk  ≤  1                                                   (3) 

 

 i    = 1, . . ., m (number of spectral bands) 

k    = 1,. . ., n (number of endmembers) 

Ri   = Spectral reflectance of band i of a pixel which  

        contains one or more endmembers 

f k   = Proportion of endmember k within the pixel 

Rik = Known spectral reflectance of endmember k  

         within the pixel on band i 

Ei  = Error for band i (Difference between the observed 

pixel reflectance Ri and the reflectance of that pixel 

computed from the model).  

 

Equations 1 and 2 introduce the constraints that the sum 

of the fractions are equal to one and they are non-

negative. To solve fk, the following conditions must be 

satisfied: (i) selected endmembers should be 

independent of each other, (ii) the number of 

endmembers should be less than or equal to the spectral 

bands used, and (iii) selected spectral bands should not 

be highly correlated. 

 

In this study, the linear spectral unmixing is adopted 

based on the equations described below to segregate the 

actual information within a pixel of an image 

 

 R1 = Fwater * R1water +  FVeg* R1 Veg +  FSoil*R1 Soil + ε1  

 R2 = Fwater * R2 water +  FVeg* R2 Veg + FSoil*R2 Soil + ε2  (4)  

 R3 = Fwater * R3 water +  FVeg* R3 Veg + FSoil*R3 Soil + ε3  

Where, 

R1, R2 and R3 represent the signal recorded at the 

satellite in the green, red and NIR bands of the LISS-III 

sensor. 

Fwater , FVeg and FSoil  are the fraction of the pixel 

covered by water, vegetation, and soil. 

R1water, R2water and R3water represent the reflectance of 

water in each of the three spectral bands. 

R1 Veg, R2 Veg and R3 Veg represent the reflectance of 

vegetation in each of the three spectral bands. 

R1 Soil, R2 Soil and R3 Soil represent the reflectance of 

soil in each of the three spectral bands. 

ε1, ε2 and ε3 are the error components of band 1, 2, 

and 3.   

 

The system of linear equations shown above can be 

solved by a least square solution which minimizes the 

sum of squares of errors.  

 

The sub-pixel based approach was applied to find out 

the proportion or fraction of water class that exits in the 

periphery pixels of the reservoir. The first step executed 

in the sub-pixel approach was, selection of end-

members. In general the border pixels may contain any 

combination and proportions of water, vegetation and 

soil classes, therefore these three classes were chosen to 

collect the end-members. Scatter plot method was used 

to identify the end-members. The identified end-

member spectra were supplied as input to the linear 

mixture model (LMM) approach. The output of the 

model run contains three images known as water, soil 

and vegetation fraction images. Description of the 

fraction images is given in section 4.2. 

 

3.4 Computation of volume between successive 

water  

levels: 

 

     Traditionally the reservoir volume between two 

consecutive reservoir water levels, was computed using 

the prismoidal formula, the Simpson formula and the 

trapezoidal formulae [19]. Of these, the trapezoidal 

formula has been most widely used for computation of 

volume [20, 21]. The water-spread area estimated using 



sub-pixel approach was used as an input in the volume 

estimation formula to find out the, volume at different 

water levels of the reservoir. In this study the volume 

between two consecutive reservoir water levels was 

computed using the following trapezoidal formula.  

 

 

Trapezoidal Formula:V = H/3 (A1 + A2 + √A1*A2)  (5) 

 

Where V is the volume between two consecutive water 

levels. A1 and A2 are the water-spread area at the 

reservoir water level 1 and 2 respectively and H is the 

difference between these two water levels. 

 

 

 

 

 

 

3.5  Computation of storage capacity of the reservoir: 

 

      The volume computed between different water 

levels (i.e from Minimum Draw Down Level to Full 

Reservoir Level) was added up to calculate the 

cumulative or storage capacity of the reservoir.  

 

4.  Results and discussion: 

 

4.1 Computation of reservoir capacity by  per-pixel   

      approach: 

      The supervised classification was performed by 

using training sets generated for the different landcover 

classes in and around the reservoirs. Since this exercise 

involves the estimation of pixels that are occupied by 

water, it is essential that the training set generation  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 1 (a) Feature space plot (NIR vs RED), (b) End-member spectra of Soil, Water and Vegetation (c) Fraction 

images obtained by spectral un-mixing of image data of  Nagarjunasagar Reservoir pertaining to the water level 

175.32 m (Due to the recurring nature of the fraction images, only figures pertaining to the highest water level is 

presented).
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Table 2: Capacity estimation of Nagarjunasagar reservoir using the per-pixel and sub-pixel classification  

                approaches (2002) 

 

 

should involve careful selection of water pixels. It may 

noted that the image subset of the study area contains 

vegetation and soil as the primary land cover classes in 

addition to the water class. Therefore only three 

feature/landcover classes were considered to generate 

training sets for the maximum likelihood classification. 

Training sets were selected from the center of the 

reservoir, periphery of the reservoir, from the 

agricultural fields, shrubs in the peripheral areas and 

from barren lands representing the soil class. The choice 

of representative pixels (both number and type) was in 

accordance with the suggestion of [14]. This procedure 

was followed carefully for all the eight images 

pertaining to the Nagarjuna Sagar reservoir. It may be 

noted that three simple and spectrally distinct classes 

namely water, soil and vegetation form the basic input 

for the classification process. The extracted water 

spread areas and the estimated capacity (8101.63 Mm
3
) 

using per-pixel approach is given in Table 2.  

 

4.2 Computation of reservoir capacity by sub-pixel  

       approach: 

 

      The fraction images (Figure 1) generated using the 

sub-pixel approach described in the methodology 

section contain a wealth of information about the 

reservoir. Each fraction image corresponds to a single 

land cover only. For example, the pixels in the water 

fraction image provide information only on the 

proportion or amount of water it contains. Likewise the 

vegetation and soil fraction image provide information 

on the proportions of the respective classes only. 

However, in this study the interest is only to know about, 

the amount of water present in the border pixels of the 

reservoir.  

 

The value of the pixels in the fraction image ranges 

from 0 to 1. A pixel from the water fraction image 

having a value of 0 indicates that there is no water at all 

in that pixel, whereas a pixel having a value of 0.25 

indicates that 25% of the area of the pixel is occupied 

by water while a pixel value of 1 indicates that 100% of 

the area of the pixel is occupied by water (i.e the pixel is 

fully occupied by water). Therefore, for a pixel having a 

value of 0.72, the area of water occupied by that pixel is 

414.72 m
2
 (0.72 x 24m x 24m).  

 

The pixels representing the reservoir border which have 

a minimum value of up to 0.1 in the water fraction 

image (i.e a pixel contains a minimum 10% of area of 

water) were isolated from the water fraction image and 

the area covered by water in these border pixels were 

estimated. The number of pixels that contains 100% of 

water was also found out. By summing up the area 

occupied by these two types of pixels, the total water-

spread area, corresponding to a particular water level of 

the reservoir was computed. This exercise was carried 

out for all the eight images used in this study. The 

water-spread area thus estimated was again used as an 

input in the trapezoidal formula to compute the storage 

capacity or cumulative capacity of the Nagarjuna sagar 

reservoir using the sub-pixel classification approach.  

 

Here it is worth mentioning that, a pixel containing 71% 

of water may be labelled as containing 100% of water 

by the per-pixel approach. In such case the water-spread 

area is over estimated. Conversely if the pixel contains 

40% of water, then the entire pixel may not be 

considered as a water pixel. Hence, the water-spread 

area is under estimated. Such errors due to over 

estimation or under estimation do not occur in the sub-

pixel approach. Thus, the sub-pixel approach reduces 

the error imposed by the per-pixel approach. The 

estimated cumulative capacity of Nagarjuna sagar 

Sl. 

No 

Date of 

Satellite Pass 

Reservoir 

Elevation 

above m.s.l 

(m) 

Waterspread 

area - Perpixel 

approach 

(Mm
2
) 

Waterspread 

area - Subpixel 

approach 

(Mm
2
) 

Cumulative 

Volume - 

Perpixel 

approach 

(Mm
3
) 

Cumulative 

Volume -

Subpixel 

approach 

(Mm
3
) 

1. 23.10.2001 175.32 238.55 235.15 8101.63 8014.49 

2. 12.12.2001 166.68 203.73 197.03 6192.96 6149.90 

3. 24.12.2001 164.74 192.89 194.08 5808.28 5770.53 

4. 25.02.2002 157.03 173.75 170.43 4395.53 4366.33 

5. 14.09.2002 156.94 166.93 167.42 4380.20 4351.13 

6. 11.05.2002 154.72 163.47 155.06 4013.46 3993.26 

7. 27.11.2002 153.19 156.69 149.02 3768.56 3760.66 

8. 22.12.2002 152.28 153.79 144.11 3627.29 3627.29 



reservoir at the water level 175.32 m (Near FRL) using 

the sub-pixel approach was 8014.49 Mm
3
.  The capacity 

estimated using per-pixel and sub-pixel approaches are 

given in Table 2.  

 

5.  Conclusions: 
 

      High spatial-resolution image data enables accurate 

mapping of the terrain features. The use of high spatial 

resolution satellite image data, however, is constrained 

by factors such as cost and less area covered by the 

sensor. Hence, in hydrological applications estimating 

water-spread area may be difficult because a reservoir 

may not be imaged in a single pass of the satellite and 

atmospheric condition would be different from path to 

path [22]. An alternative method to overcome such 

constrains is the use of the sub-pixel based approach. 

The simplest methodology for such an approach is 

linear mixture modeling, which has been demonstrated 

in this study to estimate the capacity of Nagarjuna sagar 

reservoir in India. 

 

Though the sub-pixel approach found to be a better 

alternative to per-pixel approach, there are certain 

limitations such as the spatial location of the fractions 

within a pixel is unknown. In addition the sub-pixel 

classifier produces more accurate results only with 

hyperspectral images. Hence, the use of hyperspectral 

image data with higher spatial resolution would have 

yielded better results.   
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