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Abstract: Chlorophyll-a (chla) is a source of water pollution. Monitoring 
the quality of water in reservoirs is necessary to take any action for 
protecting the water quality. Traditional methods of sampling are usually 
costly and time consuming. Also they need skillful labors and some areas 
are out of reach or sampling at those areas is dangerous. Remote sensing 
technology could solve problems of high cost, time consuming and 
unavailability of traditional sampling methods. Landsat 7 imagery is a 
suitable resource of data because it has been using since a long time ago 
and could be used to analyze past events. This research aims to investigate 
the possibility of eutrophication assessment in Ecbatan reservoir using 
remote sensing images. Field data of the study such as chla were collected 
in 2010. To reach this aim first the Top of Atmosphere (TOA) reflectance 
of imagery was calculated for each band. Then the relationship between 
concentration of chla and reflectance values was determined. Different 
conversions were applied on reflectance values at the next step to find the 
best regression equation for estimating the concentration of chla. The best 
model for estimating the concentration of chla was based on the band ratios. 
The values of R2

Adj and SE are 0.91 and 0.04 respectively for this model. 
Based on the results of this research Landsat 7 is capable of reflecting the 
eutrophication problem in a small reservoir as Ecbatan. 
 
Keywords: Chlorophyll-a, Reflectance, Remote Sensing, Small Reservoir, 
Water Pollution 

 

Introduction  

High concentration of nutrients in drained water from 
different land uses such as agriculture, rural and urban 
areas intensifies the growth of algae in water bodies such 
as lakes and reservoirs. Consequently, the water quality 
in lakes and reservoirs decreases. Algal blooms cause 
eutrophication in water bodies. As a result, the dissolved 
oxygen is declined in these systems. This problem 
causes the death of aquatic creatures and fishes. Also 
algae growth decreases water opacity and produces a 
kind of poison which is harmful both for human and 
fishes. Industrial and aesthetics use of water is restricted 
and affected by eutrophication and algal blooms. 

In recent years the amount and frequency of algal 
blooms has increased in coastal areas and inland waters 
(case 2) (Jin et al., 2005; Smith and Schindler, 2009). As 
a whole the main problem caused by eutrophication is 

supposed to be algae production that is annoying and 
troublesome for the public (Smith, 2003). 

Eutrophication and water quality decline has negative 
industrial impacts that receives attention in different 
countries (Yu et al., 2011). Reservoirs are usually 
located at the outlet of the basins. Controlling the quality 
of water in upstream is easier and more economic in 
comparison with purifying and improving it in 
downstream of a reservoir. To reach this aim it is 
necessary to inform managers from the statue of water 
quality before it becomes too late to take any action in 
order to save the clean water. Field measurements to 
examine the quality of water behind the dams, are 
usually very time consuming and expensive. A skillful 
labor is required for field sampling. Also reservoirs are 
very dangerous due to a high amount of sediment and 
high depth near the dam structure. Consequently, a 
system is required to inform the managers and operators 
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about the statue of water quality in reservoir that is 
independent from field measurements. This system acts 
as a pre-informative and warning tool.  

Remote sensing images can help scientists to 
complete their information about water components 
and its statues. Investigating the eutrophication and its 
short and long term variations in coastal areas and 
lakes is possible using satellite imagery. Managerial 
strategies could be used to control and protect the 
quality of water in reservoirs. 

Most of the algal blooms are detectable by 
multispectral sensors since their colors are different 
(Ruddick et al., 2001). The concentration of chla is a 
keyfactor in water quality studies (Schalles et al., 1998; 
Honeywill et al., 2002) and it is very important in 
determining the degree of eutrophication in a water 
body. Different studies have been accomplished on 
eutrophication using various approaches (Jarvie et al., 
2006; Kuo et al., 2007; Smith and Schindler, 2009). 
Many studies also have examined the capability of 
remote sensing imagery in estimating the concentration 
of chla (Zhang et al., 2015). Some of these studies 
focus on coastal areas and seas. They use satellite 
images with high frequencies such as MODIS. 
However, the spatial resolution of such imagery are 
usually low and vary between 250 and 1000 m which is 
not convenient for small lakes. 

Researchers such as Carder et al. (2004) 
investigated the capability of MODIS imagery to 
estimate chla in several coastal areas in USA. Also 
Vincent et al. (2004) extracted several algorithms to 
estimate the number of Phycosyanin cells and the value 
of turbidity in Lake Erie using Landsat 7 and Landsat 5 
imagery. They used bands one, two, three, four and five 
for the phycocyanin model and logarithm of band two 
to band three ratio for the chla model. 

Different studies were accomplished using MODIS 
and SeaWiFS to estimate the concentration of chla in 
central area of west Florida coast such as Carvalho et al. 
(2007). MERIS imagery were used to estimate the 
concentration of chla and phycocyanin (Wheeler et al., 
2012). They extracted a model for chla and phycocyanin 
in Missisquoi bay and Lake Champlain. Also Waxter 
(2014) analyzed and investigated the capability of 
remote sensing images to discover and monitor the algal 
blooms in Tenmile lakes in Oregan coasts. They used 
Landsat 5 images with ±3 day time difference.  

Trescott et al. (2013) proposed a model to estimate 
the quality of water in Lake Champlain using Landsat 7 
imagery. This study showed that bands one, two and 
three have a good correlation with the number of 
cyanobacteria cells. Also Isenstein et al. (2014) proposed 
chla algorithms using Landsat 7 imagery to estimates the 
amount of Phycocyanin and Cyanobacteria. They proved 
that band two shows a good correlation with chla 

concentration. Tayebi and Sarajian (2013) studied 
eutrophication problem in Persian Gulf. They 
investigated the red tie phenomenon of Persian Gulf in 
2011. A time series of Landsat-MSS/TM/OLI from 1973 
to 2013 to was used to monitor the effects of a mine 
activity on Tapajos River (Lobo et al., 2015). 

Satellite images with a high spatial resolution such as 
Landsat 7 are more convenient for reservoirs since their 
area is much smaller than seas and coastal areas. The 
components of water such as chla could be estimated 
using Landsat 7 imagery. Although the application of 
these images are limited to every 16 days. This imagery 
is suitable for investigating the quality of such resources 
as they have higher spatial resolution. Besides these 
images are free and available to public. 

Since the time of water stability in a reservoir and 
lake is high enough, suspended sediments, nutrients and 
phytoplankton is accumulated in the environment. As a 
result, visual and optical characteristics of water 
becomes more complicated (Darecki and Stramski, 2004; 
Dall'Olmo et al., 2005). This may cause errors in 
estimating the parameters accurately. The best 
combination of bands are mainly used to estimate the 
water quality parameter. Different algorithms have 
been developed using red and infrared reflectance to 
estimate the concentration of chla more accurately 
(Ruddick et al., 2001; Dall'Olmo et al., 2005;    Moses 
et al., 2009a; 2009b; Yang et al., 2010;        Gurlin et al., 
2011; Gitelson et al., 2011). Parameters of these 
algorithms could be determined by comparing the data 
from imagery and field data of a specified study area. 
The aim of this study is to investigate the capability of 
Landsat 7 imagery for estimating the concentration of 
chla in Ecbatan reservoir and extracting the best model 
for this purpose. 

Methodology 

The Study Area  

Hamedan is a mountainous city located in west of 
Iran. It is the capital of Hamedan province. Abshine 
River originates from Alvand Mountains and inflows 
through Ecbatan Lake. Ecbatan dam is located in south 
west of Hamedan city on Abshine River in 34°45´24ʺN 
and 48°36´10ʺE. The area of the lake at normal level is 
1.75 Km2. Figure. 1 shows the location of Ecbatan Dam. 

This dam was first built to supply drinking and 
agriculture water demand for Hamedan city in 1963. The 
height of this dam was increased to 79m in 2008. 
Ecbatan reservoir is a resource of fresh water used for 
Hamedan city. The reservoir has shown eutrophic 
symptoms in recent years (Norouzi et al., 2011). The 
concentration of nutrients is relatively high in this 
reservoir (Samarghandi et al., 2013). 
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Fig. 1: Ecbatan Dam 
 
Data of the Study 

Field data of the water quality parameters such as 
chla were collected in 2010 (Weysi et al., 2014). 
Sampling was accomplished at 30 cm of water depth. 
The concentration of chla was estimated using USM 
method (American Method). In this method first the 
samples were filtered using filter papers. Then 2-3 mm 
of Aseton was added to the sample after smashing the 
filter paper. The volume of solution was increased to 5 
mm with 90% Aseton and was centrifuged at 500 rpm 
about 20 minutes. Spectrophotometer was calibrated by 
90% Aseton and optical density was measured at 630, 
647, 664 wavelengths. Equation 1 was used to determine 
the concentration of chla (mg/l): 
 

( ) ( ) ( )11.85 664 1.54 647 0.08 630chla OD OD OD= − −  (1) 

 
Where: 
OD664: Denotes the optical density at 664 wavelength 
OD647: Shows the optical density at 647 wavelength 
OD630: Is optical density at 630 wavelength 
 

In April, June and September field data (21 chla 
concentration data) was collected from 30 cm of water 
depth. The sampling dates are April, 6, 2010; June, 6, 
2010 and December, 5, 2010 respectively. The dates 
of imagery are also April, 7, 2010; June, 10, 2010 and 
December, 2, 2010. In this study a time difference of 
±4 days was between field data and imagery 

(Stadelman et al., 2001; Isenstein et al., 2014). Also there 
were no rain on the lake during this time difference. 15 
data were used for calibrating and 6 data were used for 
verifying the model. Each Landsat 7 imagery covers 
185×170 m2 on the earth. The study area locates in one 
frame of Landsat 7 imagery. Table 1 shows the 
coordinates of sampling points. 

Landsat imagery were downloaded from Science and 
Observations Center of US Geological Survey Research 
(USGS (http://earthexplorer.usgs.gov)). Table 2 shows 
the range of bands one to eight in Landsat 7 imagery. 
Band six of Landsat 7 is the thermal band of Landsat 7 
that is not used in this study. 

Pre-Processing of Imagery 

Preprocessing of data is usually done to prepare 
the data for retrieving different surface parameters 
such as temperature and reflectance. The type of pre-
processing is dependent on the type of data. Each 
category of data needs a special processing. The 
majority of these methods for classifying the imagery 
are: Radiometric, geometric and atmospheric 
correction.  

a- Atmospheric Correction 

Atmospheric correction was accomplished on 
imagery to remove the effect of water steam, different 
gases and dust using ENVI 5.1 (Version 5.1Exelis, 
Inc., McLean, Virginia). Dark subtraction tool and 
Band Minimum method were used for this purpose. 
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Fig. 2: Landsat 7 image from the study area 
 
Table 1: Coordinates of sampling points 

Station characteristics Longitude latitude 

1 Near the dam  48°36'1.66" 34°45'23.11" 
2 Lake Center 48°36'3.42" 34°45'13.19" 
3 East lake 48°36'10.27" 34°45'4.44" 
4 West lake 48°36'1.8" 34°45'55.4" 
5 Lake center 48°36'8.18" 34°44'55.52" 
6 Yalfan branch 48°36'12.90" 34°44'32.56" 
7 Abru branch 48°36'5.66" 34°44'38.02" 

 
Table 2: The range of bands1 to 8 of Landsat7 imagery 

Band Wavelength (µm) 
Band 1-Blue 0.45-0.52 
Band 2-green 0.52-0.6 
Band 3-red 0.63-0.69 
Band 4-near infrared 0.77-0.9 
Band 5-shortwave near infrared 1.55-175 
Band 6-Thermal infrared 10.4-12.5 
Band 7-shortwave near infrared 2.09-2.35 
Band 8-Panchromatic 0.52-0.9 

 

b- Geometric Correction 

In this study G1 products of Landsat 7 were used and 
geometric and radiometric corrections were applied to 
them. Since the study area of this research is located in 
the center of Landsat 7 imagery, there is no SLC-off 
error for this area. Indeed, SLC-off error is more visible 
at the edge of the image and this problem disappears at 
the center of the imagery (Fig. 2). 

Results and Discussion 

Implementation 

Processing the imagery was accomplished in ENVI 
5.1. Images that contain cloud were omitted from the 
data. In this study TOA reflectance was used to estimate 

the concentration of chla. To calculate the net TOA three 
steps of processing is required: 

Calculating the Spectral Radiance 

Equation 2 was used to convert the Qcal to spectral 
radiance (Lλ) for level G1 products: 
 

CALL Grescale Q Brescaleλ = × +  (2)  
 
Where: 
Lλ = Spectral Radiance at the sensor's aperture in 

watts/ (meter squared *ster*µm) 
Grescale = Rescaled gain (the data product "gain" 

contained in the Level 1product header or 
ancillary data record) in watts/ (meter 
squared *ster*µm)/DN 

Brescale = Rescaled bias (the data product "offset" 
contained in the Level 1product header or 
ancillary data record) in watts/ (meter 
squared *ster*µm)  

QCAL = The quantized calibrated pixel value in DN 
 

Also Equation 2 is written as Equation 3: 
 

( ) ( )( )
( )

/MAX MIN CALMAX CALMIN

CAL CALMIN MIN

L L L Q Q

Q Q L

λ λ λ

λ

= − −

× − +
 (3) 
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Where: 
LMINλ = The spectral radiance that is scaled to QCALMIN 

in watts/(meter squared × ster × µm)  
LMAXλ = The spectral radiance that is scaled to QCALMAX 

in watts/(meter squared × ster × µm) 
QCALMIN = The minimum quantized calibrated pixel 

value (corresponding to LMINλ) in DN = 1 
for LPGS products= 1 for NLAPS products 
processed after 4/4/2004 and = 0 for 
NLAPS products processed before 4/5/2004 

QCALMAX = The maximum quantized calibrated pixel 
value (corresponding to LMAXλ) in DN = 255 
(Landsat 7 Science Data Users Handbook, 
2011) 

b- TOA Reflectance 

Equation 4 calculates the TOA value: 
 

2

cos
p

s

L d

ESUN

λ

λ

π
ρ

θ
=  (4) 

 
Where:  
ρp = Unitless planetary reflectance 
Lλ = Spectral radiance at the sensor's aperture 

d = Earth-Sun distance in astronomical units 
from interpolated from values listed in 
Table 3 

ESUNλ = Mean solar exo-atmospheric irradiances from 
Table 3 

θ = Solar zenith angle in degree 
 
Modeling and Evaluating the Results 

To extract a model for estimating the concentration 
of chla first the corresponding values of field data for 
each band were identified. Then the correlation between 
measured data and their corresponding values from 
imagery were evaluated for each band. A scatter plot is 
used to determine the type of correlation between 
concentration of chla and the value of reflectance at each 
band. If the shape of scatter plot is curved special 
functions such as logarithm, exponential or power are 
used to convert the non- linear relation to a linear 
relation. In this section the relation between the values of 
reflectance and concentration of chla were examined. 
Table 5 shows the amount of correlation (r) between 
measured concentration of chla and corresponding 
values from Landsat 7 imagery. 

 
Table 3: Earth-Sun distance 

Day of Year 1 15 32 46 60 

Distance 0.98331 0.98365 0.98536 0.98774 0.99084 
Day of Year 74 91 106 121 135 
Distance 0.99446 0.99926 1.00353 1.00756 1.01087 
Day of Year 152 166 182 196 213 
Distance 1.01403 1.01577 1.01667 1.01646 1.01497 
Day of Year 227 242 258 274 288 
Distance 1.01281 1.00969 1.00566 1.00119 0.99718 
Day of Year 305 319 335 349 365 
Distance 0.99253 0.98916 0.98608 0.98426 0.98333 

 
Table 4: ETM+ Solar Spectral Irradiances 

Band watts/(meter squared*µm) 
1 1997 
2 1812 
3 1533 
4 1039 
5 230.8 
7 84.90 
8 1362 

 
Table 5: Correlation coefficient between measured concentrations of chla and corresponding values from Land sat 7 at each band 

Band Correlation Coefficient 
1 0.34 
2 0.79 
3 0.67 
4 0.72 
5 0.65 
6 0.68 
7 0.67 
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Fig. 3: Scatter plot for concentration of chla and band one 
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Fig. 4: Scatter plot for concentration of chla and band two 
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Fig. 5: Scatter plot for concentration of chla and band three 
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Fig. 6: Scatter plot for concentration of chla and band four 
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Fig. 7: Scatter plot for concentration of chla and band five 
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Fig. 8: Scatter plot for concentration of chla and band seven 
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Fig. 9: Scatter plot for concentration of chla and band eight 
 

Based on the results of study the concentration of 
chla in Ecbatan Lake shows a good correlation with 6 
bands of Landsat 7. A linear one band model for the 
concentration of chla was extracted based on the linear 
relations between the concentration of chla and 
corresponding values for each band.  

The results of estimating the concentration of chla are 
presented in Fig. 3-9. The linear relation between 
observed data and corresponding values at each band are 
shown as well as R2 and SE value for each model.  

Respect to the results shown in these figures, single 
band models are not convenient for estimating the 
concentration of chla. Consequently, different 
conversions and combination of bands are used to extract 
the relation between chla and reflectance values. 

In this section modelling the concentration of chla was 
accomplished using the relations in Table 6. To reach this 
aim first a linear model composed of different bands from 
Landsat 7 was determined to estimate the concentration of 
chla. Then the conversion of band ratios and band 
differences were used to examine the relationship between 
reflectance values and concentration of chla. Also a 
conversion function was used for bands inspired from 
NDVI function. This function was made between each two 
bands and called Normalized Difference Index (NDI).  

Modeling the concentration of chla was also done 
using non- linear functions. Different conversions such 
as logarithmic, exponential, power, square and sqrt 
(square root) were used and modeling the concentration 
of chla was examined. The results are presented in Table 
6. Respect to this table the best equation for estimating 
the concentration of chla is the relation based on band 
ratios since it has the highest value for R2 and the 
minimum value for SE. Figure 10 shows the results of 
calibration and verification of this model for estimating 
the concentration of chla. 2/3 of measured data was used 
for calibration and 1/3 of the data was used for 
verification. Table 6 shows the results briefly. 

Also in order to evaluate the effect of data with the time 
difference more than three days on the results, the steps of 
modeling were repeated after omitting the data of June. 
Results of this part are shown in Table 7. A comparison 
between Table 6 and 7 show that although the time 
difference between field data and imagery has increased 
one day the accuracy of model has increased. In this study 
the relationship based on the band ratios was selected as the 
best model to estimate the concentration of chla. 

Equation 5 shows the regression relation based on 
band ratios. Where chla denotes the concentration of chla 
and each band has been shown by ETM. The 
significance of this regression equation was examined. 
The value of F was 20.75 that is greater than this value 
in F Table (2.98) at 5% of significance. Consequently, 
the null hypothesis (i.e., no relation between the 
variables and the concentration of chla) is rejected. Also 
the amount of Pvalue is less than 5% for all variables: 
 

2

1

3 4 5

1 3 1

7 7 7

1 2 4

7 8 8

5 1 3

Chla 2261 508

2443 702 3750

3956 682 942

1298 1468 733

ETM

ETM

ETM ETM ETM

ETM ETM ETM

ETM ETM ETM

ETM ETM ETM

ETM ETM ETM

ETM ETM ETM

 
= − −  

 

    
+ + +    

    

     
− +     

     

    
+ +    

    

 (5) 

 
Some previous studies on different lakes using 

Landsat images proposed and used band ratios to 
estimate the concentration of chla. Brezonik et al., 
(2005) studied 15 lakes in Minnesota using Landsat5. 
They used a multivariate linear model to estimate the 
concentration of chla. The model was based on the ratio 
of blue and red bands and the values of R2 and SE for 15 
data were 0.88 and 0.19 respectively. 
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Wang et al. (2006) used green and red bands of 
Landsat 5 in a linear model to estimate the concentration 
of chla in Lake Reel foot. 18 data were used in this model 
and the value of R2 was 0.71. Alparslan et al. (2007) 

studied Omerli Dam Lake. They extracted a model to 
estimate the concentration of chla that used bands one to 
four of Landsat 7. The values of R2 and SE were 0.49 and 
0.58 respectively. They used 49 data in this study.   

 
Table 6: The results of estimating using different multivariate models for Land sat 7 (Three months) 

Relationship Used bands R2 R2
adj SE NRMSE 

Band Combination 1, 2 0.78 0.76 0.20 0.13 
Log 1, 2, 8 0.80 0.76 0.20 0.12 
Exponential 1, 2, 8 0.81 0.78 0.20 0.12 
SQRT 1, 2, 8 0.81 0.78 0.20 0.12 
Square 1, 2, 8 0.80 0.78 0.20 0.12 
Band Ratio 1, 2, 3, 4, 5, 7, 8 0.95 0.91 0.20 0.04 
NDI 1, 2, 3, 4, 5, 7, 8 0.76 0.70 0.22 0.13 
Difference 1, 2 0.76 0.70 0.20 0.12 

 
Table 7:  The results of estimating using different multivariate models for Land sat 7 (except for June) 

Relationship Used bands R2 R2
adj SE NRMSE 

Band Combination 2, 7 0.77 0.66 0.134 0.19 
Log 2, 7 0.69 0.64 0.150 0.19 
Exponential 2, 7 0.69 0.63 0.150 0.19 
SQRT 2, 7 0.69 0.63 0.133 0.19 
Square 2, 7 0.68 0.62 0.160 0.20 
Band Ratio 1, 2 0.69 0.66 0.060 0.08 
NDI 2, 7 0.69 0.66 0.130 0.16 
Difference 1, 2 0.70 0.67 0.150 0.19 

 

 
 

Fig. 10: Calibration and verification of band ratio model 

Calibration R2 = 0.97; SE = 0.07 

 
Verification R2 = 1; SE = 0.03 
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Fig. 11: The comparison of chla distribution over the lake area in April, June and December 

 
Also Chen et al. (2008) studied the Feitsui reservoir 

using Landsat 7. They extracted a model using bands one to 
five and seven of Landsat 7. The values of R2 and SE were 
0.68 and 0.1 respectively. They used a multivariate linear 
model and 24 data for this study. Narteh (2011) investigated 
Lake Utah in USA. He used a quadratic polynomial 
equation based on band three to band four ratio of Landsat 
7. The value of R2 was 0.93 for this model.  

In this study the map of chla variation over the lake 
was plotted after determining the best model. Figure 11 
shows a comparison between the map of chla 
distribution over the lake in April, June and December. It 
is clear from Fig. 11 that the amount and distribution of 
chla over the Lake area is different for each month. 
Water quality in December is better than April and June 
in terms of chla concentration. Also the statue of water 
quality in June has declined. The concentration of chla has 
increased in the entrance of the Lake and near to the dam 
structure. This is true for April too. While in December 
the quality of water in the entrance of the Lake is better 
than near the dam structure. The best quality of water for 
three months is in the center of the Lake. 

Conclusion 

In this study Landsat 7 imagery was evaluated to 
extract an empirical relation to estimate the 
concentration of chla in Ecbatan Lake. First each band 
was examined using scatter plot to extract a model. In 
this study the combination of bands and different 
conversions such as square, sqrt, log, difference, 
exponential, NDI and band ratios were examined. The 

relation based on the band ratios showed the best results 
for estimating the concentration of chla. Respect to R2 

adj (0.91) and SE (0.04) this imagery could be used to 
estimate the concentration of chla. 

Also the results of the study showed that in spite of 
the time difference between field data and imagery, the 
equation based on the all data of three months shows a 
better result for all models. Taking into account of 
some points such as no precipitation during this time 
difference, using more data helps the results. Besides 
the results showed that the distribution of chla over 
the lake surface in each month is very different. This 
could be due to different hydrologic conditions of the 
Lake. The concentration of the chla and its 
distribution over the Lake is affected by the volume of 
water inside the reservoir too. 
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