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ABSTRACT:  
 
In this paper, a satellite based remote sensing technique of acquiring water quality data is proposed. A review has been presented on 
retrieval of five major independent water quality variables (chlorophyll-a, Secchi disk depth, total phosphorus, turbidity and 
temperature) from the satellite data.  A frame work has been developed for mapping water quality variables at landscape level using 
satellite and ground measured data with an intent to help classify source waters according to pollution levels in Alberta. 
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Understanding the quality of source waters is important in de-
ciding the level of treatment required for human consumption. 
Traditionally, the water quality indicators (that include physi-
cal, chemical, and biological properties) are determined by col-
lecting samples from the sources of interest and analyzing them 
in a laboratory setup. Currently, in Alberta, there exists a num-
ber of sites, where water samples are collected during the 
months of May-September since 1984 (Swanson and Zurawell, 
2006). Collecting water samples physically, while still desira-
ble, is (i) labour intensive (ii) time consuming and (iii) cannot 
provide synchronous water quality data for large areas.     
In order to address both spatial and temporal variability, remote 
sensing-based methods can be used in determining various wa-
ter quality-related parameters (Alparslan et al. 2007, Cox et al. 
1998, Kloiber et al. 2002a,b, Koponen et al. 2002, Lathrop and 
Lillesand 1986, Lillesand et al. 1983, Mancino et al. 2009, 
Östlund et al. 2001, Vignolo et al. 2006, Wang et al. 2006). 
These methods are having several benefits, which include (i) 
near continuous spatial coverage of satellite data over a com-
plete geographic area of water body; (ii) capable of assessing 
water quality in remote areas; (iii) availability of satellite data 
in all seasons  (iv) relatively low cost associated with satellite 
data and (v) efficient analysis. In this paper, our objectives are 
to (i) review existing remote sensing-based method in determin-
ing water quality variables; and (ii) develop a remote sensing-
based framework to predict water quality of different sources 
across Alberta. 
 

2. REVIEW 
 

2.1 Major independent water quality variables  
 
Twenty lakes of Alberta (as shown in Figure 1) were monitored 
for twenty water quality variables from 1984 to 2004 by Alber-
ta Environment. In studies of Alberta lakes conducted by Alber-
ta Environment only three major variables (i.e., chlorophyll-a, 
Secchi disk depth and total phosphorus) were considered to 

classify lakes into four trophic states indicating low to very 
high productivity which were: (i) oligotrophic; (ii) mesotrophic; 
(iii) eutrophic; and (iv) hypereutrophic.  In our framework we 
propose five major independent water quality variables instead 
of three that impact trophic status of surface water quality in 
Alberta. These water quality variables include chlorophyll-a, 
Secchi disk depth, total phosphorus, turbidity and temperature. 
The turbidity is associated with suspended particles in water 
like soil, sediments, sewage, and plankton due to which sun-
light needed for photosynthesis gets blocked in water bodies 
and it affects nutrient growth and Secchi depth. We have consi-
dered turbidity as fourth variable of interest in our framework. 
The nutrient concentrations were also found to change with sea-
sonal variations in Alberta lakes due to which we have pro-
posed temperature as fifth variable in our framework.  
 
2.2 Retrieval of water quality variables from satellite data 
 
A review has been presented on remote sensing based 
techniques for retrieval of these variables from satellite data.  
 
2.2.1 Chlorophyll-a 
 
Chlorophyll-a is a photosynthetic pigment in plants, algae and 
cyanobacteria. Since it acts as a link between nutrient (in 
particular to phosphorus) concentration and algal production it 
is considered a major indicator of trophic state in Alberta lakes. 
From literature, it is noted that the ratio between various visual 
spectral bands are used in quantifying chlorophyll-a. For 
example: (i) ratio between green (0.50-0.60 µm) and red (0.60-
0.70 µm) or vice-versa were used by Hellweger et al. (2004) 
and Mancino et al. (2009); and (ii) ratio between blue (0.40-
0.50  µm) and red or vice-versa were used by Han and Jordan 
(2005) and Mancino et al. (2009). In most of the instances, 
empirical relationships were developed between remote 
sensing-based indices and ground-based measurements of the 
water quality variables. 
 

1. INTRODUCTION 
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Figure 1: Alberta lakes for predicting water quality 
variables 
 
2.2.2 Secchi disk depth 
 
Secchi disk depth is used to measure the transparency of water 
bodies. The ratios of visual spectral bands, e.g., (i) blue and 
green (Khorram et al. 1991); (ii) green and red (Wang et al. 
2006); and (iii) individual band like red (Wang et al. 2006) 
were used to quantify Secchi disk depth in water bodies.  
 
2.2.3 Total phosphorus 
 
Total phosphorus is a measure of inorganic, organic and 
dissolved forms of phosphorus. Phosphates are plant nutrients 
and their increased quantity help plants and algae to grow 
quickly. Total phosphorus can be directly related to the biomass 
of phytoplankton (i.e. suspended algae and cyanobacteria, 
typically estimated by chlorophyll-a concentration) and 
indirectly related to water clarity or transparency, as estimated 
by Secchi depth (Swanson and Zurawell, 2006). MODIS bands, 
such as, green band (545 – 565nm), and integration of red (620-
670nm) and green showed significant relationship with total 
phosphorus (Wu et al. 2009).  
 
2.2.4 Turbidity  
 
Turbidity is a measure of water clarity caused by the amount of 
particles suspended in water like soil, sediments, sewage, and 
plankton. It is considered as a variable in our framework due to 
its linkage with incoming sunlight which affects photosynthesis 
for growth of algae and plankton and it is also directly 
associated with Secchi depth. Literature showed that turbidity 
could be quantified using visual spectral bands: (i) green and 
red (Wang et al. 2006) and (ii) green (Khorram et al. 1991) and 
(iii) ratio of red and blue (Cox et al. 1998).  
 
2.2.5 Temperature  
 
Water temperature is an important variable which regulates 
physical, biological and chemical processes. It influences the 

solubility, and thus availability, of various chemical 
constituents in water. Most importantly, temperature affects 
dissolved oxygen concentrations in water (oxygen solubility 
decreases with increasing water temperature) (Swanson and 
Zurawell, 2006). It is important to analyze temperature as there 
is an impact of season on water temperatures. Infrared thermal 
band (8.0-14.0 µm) measures the amount of infrared radiant 
flux (heat) emitted from surfaces. Literature indicated use of 
infrared thermal band for quantifying water temperature (Cox et 
al. 1998: Hassan et al. 2007). 
 

3.  PROPOSED FRAMEWORK 
 
Figure 2 shows a schematic diagram of the proposed 
framework. The different components of proposed framework 
are summarized here:   
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Figure 2: A remote sensing based framework for predicting 
water quality variables 
 
3.1 Study Area 
 
Our proposed framework includes predicting water quality of 
all sources that supply drinking water to Alberta. The geograph-
ic area of Alberta is 661,185 km2 (Statistics Canada, 2005) and 
it has a population of about 3.7 million (Demographic Quarter-
lies, 2009). 
 
3.2 Ground based measurement 
 
  The ground measurement water sampling data will be 
obtained from Alberta environment for sampling sites with 
geographic locations of all water sources.  The water dataset 
will include concentrations of five selected water quality 
variables that include chlorophyll-a, Secchi depth, total 
phosphorus, turbidity and temperature.  The water sampling 
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data for sampling sites as shown in Figure 1 has already been 
arranged and data for remaining water sources will be arranged. 
 
3.3 Satellite data 
 
The satellite-based spectral reflectance acquired by various 
spectral bands (blue: 0.40 - 0.50 μm, green: 0.50 - 0.60 μm, red: 
0.60 - 0.70 μm, near infrared: 0.70 - 0.90 μm and thermal 
infrared: 8.0 – 14.05 μm) will be used to quantify water quality 
variables of interest. We found that Landsat TM/ETM+ data are 
widely used for water quality studies in inland waters 
(Alparslan et al. 2007, Baruah et al. 2002, Brivio et al. 2001, 
Cox et al. 1998, Dekker et al. 2001, Dekker et al. 2002, Fraser 
1998, Giardino et al. 2001, Lathrop 1992, Lillesand et al. 1983, 
Lathrop and Lillesand 1986, Östlund et al. 2001, Mancino et al. 
2009, Mayo et al. 1995, Vignolo et al. 2006, Wang et al. 2006).  
    
TM data is provided by Landsat-5 which started its operation in 
1984 and it is the oldest spacecraft of its type. According to a 
USGS manager, it was brought back from brink of “death” to 
life many times over last seven years. This satellite will be 
expired soon. Landsat-7 is operational but preference is given 
to data of landsat-5 because of complete coverage of data. Due 
to unpredictable nature of working of Landsat, we prefer to use 
MODIS satellite data. The Terra MODIS and Aqua MODIS 
view the entire earth's surface every 1 to 2 days and they 
acquire data in 36 spectral bands. The spatial resolution of 
MODIS ranges from 250 m to 1 km. The satellite images of 
Landsat data needs pre-processing in terms of atmospheric & 
geometric corrections. The digital values of landsat images are 
converted into radiance (unitless planetary reflectance) to 
eliminate the effects of high local variability on remote sensing 
observation values as done in previous studies (Wang et al., 
2006, Mancino et al., 2009, Alparslan et al., 2007). The MODIS 
images are already pre-processed and can be used to quantify 
spectral reflectance of water quality variables. The high spatial 
resolution of Landsat TM/ETM+ is useful to study water 
quality studies but it has two limitations (i) long revisit cycle of 
16 days and (ii) it will fail to provide satellite data in future as it 
has completed its life. The short revisit cycle (1-2 days) of 
MODIS makes it more beneficial for water quality studies but 
its use is not recommended for inland waters because of its low 
spatial resolution. To overcome this problem, we propose to use 
new spatial and temporal adaptive reflectance fusion model 
(STARFM) algorithm developed by Gao et al. 2007 to blend 
Landsat and MODIS surface reflectance which will give us 
surface reflectance product at ETM+ spatial resolution (30m). 
This will be a new approach to study water quality variables at 
landscape level in Alberta. 
 
3.4 Estimation of water quality variables from satellite data  
 
Upon enhancing the spatial resolution of the MODIS data into 
~30 m like the Landsat data we will then estimate water quality 
variables. The ground measured data will be divided into two 
groups comprising of 60% and 40% of the data respectively. 
The satellite data will be used to quantify relationship of 
variables with bands or bands ratio using 60% of ground 
measured data. As a result, we will get models with most 
suitable bands or bands ratio to estimate each variable from 
satellite data. These models will be used to predict water 
quality variables at any location of surface water sources. The 
models will be validated using the remaining 40% ground 
measured data.   
 
 

CONCLUSIONS 
 
A remote sensing based framework has been proposed for 
predicting water quality of different source waters by 
integrating satellite data and ground-based measurements. This 
proposed system which is still under development will help 
develop classes of source waters in Alberta. This will be 
immensely useful as to the best of our knowledge such a 
classification system does not exist. The success of this project 
will lead to similar models being developed in other 
jurisdictions in Canada and elsewhere in the world. 
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