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Abstract: Water quality is the measure of chemical, physical and biological suitability of water 

in relation to natural effects and intended purpose which may affect human health and aquatic 

life. Assessment of water quality is very essential for the management of water resources and 

human health. Traditionally, in-situ measurements have been used to obtain the water quality 

parameters of the water bodies. However, with the availability of satellite images, researchers 

have shown that satellite images are a reliable tool that can be used to estimate water quality. 

Satellite image-derived water quality parameters provide extensive spatial extent and large 

temporal variations when compared to traditional in situ sample collection and laboratory 

measurements. The present work estimated several parameters for quality of water in the 

Kamuzu reservoir of Lilongwe River for the 2013-2020 period using Sentinel-2 and Landsat-

8 satellite images. The band ratio algorithms were used to retrieve Chlorophyll a (Chl-a), 

Turbidity, Total Suspended Matter (TSM), Secchi depth, Coloured Dissolved Organic Matter 

(CDOM), and Cyanobacteria from the reservoir. Turbidity and TSM were compared with the 

in-situ data collected over the same period. The comparison indicated R2 of 0.9 and 0.69 for 

TSM and Turbidity respectively from Sentinel-2 images whereas R2 of 0.56 and 0.61 was 

obtained using Landsat 8 images which are quite encouraging. The other set of results included 

the spatial distribution maps of water quality parameters using Landsat-8 and Sentinel-2 

satellite data. It was observed that the spatial distribution of water quality parameters, except 

for CDOM and Cyanobacteria, showed very good distribution and matches with the theoretical 

results. However, for CDOM and Cyanobacteria, the distribution was almost similar for the 

entire study area and the band ratio algorithm may not be able to estimate them quite 

reasonably. This research reiterates the need for the use of remote sensing in estimating the 
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water quality parameters and may be a substitute to the in-situ data, in terms of spread and 

frequency, which is very common to most of the water bodies, across the globe. 

Keywords: Water quality, remote sensing, Sentinel-2, Landsat 8, TSM, CDOM, Secchi depth, 

Turbidity, Chlorophyll-a 

1. Introduction 

Water is a very critical resource that ensures economic and developmental growth (Cherif, et 

al., 2019). Water quality is one of the most fundamental aspects of freshwater resources that 

are studied when it comes to water being supplied to the population for consumption (Potes et 

al., 2018).Water quality is the measure of chemical, physical and biological parameters for the 

suitability of water for human and animal consumption as well as for industrial usage (Nyasulu, 

2012). Water quality is assessed through different parameters to understand its effect on human 

and aquatic life health (Stevenson, 1953). Surface and subsurface water quality monitoring is 

also conducted for a variety of reasons including environmental reporting and research. It is 

measured by several parameters such as dissolved oxygen, nutrients, turbidity, hardness and 

phytoplankton etc. (Gholizadeh, et al., 2016).  

Natural water resources such as rivers and lakes are the major source of water supply to the 

urban cities. Water pollution, all across the globe, has become one of the major problems 

affecting water quality (Nyasulu, 2012) of these water resources. Infrastructural development 

and industrialization are some of the factors leading to the contamination of water resources 

resulting in poor water quality (Phiri et al., 2005). The key causes of contamination to these 

natural resources as well as groundwater resources are the ejection of industrial effluents and 

domestic sewage, which comprises of organic pollutants, heavy metals, chemicals and run-off 

from human activities as well as construction and agriculture (Goldar and Banerjee, 2004). 

Total Suspended Solids (TSS) is the measure of total organic and inorganic compounds 

suspended in water while Total Dissolved Solids (TDS) is the measure of total inorganic 

chemicals including salts and organic compounds dissolved in water (Soomets et al., 2020). 

Runoff from built environments and effluents lead to an increase in the TSS and TDS which 

degrade the quality of water (Khan, 2011). Cultivation along the river banks on the other hand 

leads to runoff rich in nutrients, due to the use of pesticides and fertilizers, which contributes 

to the formation of algal blooms (Chimwanza et al., 2006) due to the presence of phosphorus 

and nitrogen in fertilizers (Pereira et al., 2018). Excess quantities of these nutrients lead to a 

decrease in Dissolved Oxygen (DO) leading to the formation of harmful algae blooms in water 

bodies. 
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Water quality is usually calculated through in situ sample collection & measurements and 

laboratory measurements. These methods have been in use for many years and provide accurate 

results if proper procedures are followed (Elhag et al., 2019). These methods, however, have 

their drawbacks. They are laborious, time-consuming, have minimal spatial coverage of water 

bodies due to access and reach, and the frequency of water sample collection is limited. Sensors 

have also been deployed in many cases for continuous measurement of water quality 

parameters but they have their limitations (Sicard et al., 2015). Compared to in situ 

measurements, satellite images provide large spatial extent and temporal variations of water 

bodies (Sagan et al., 2020). Depending on the sensor used, satellite images with a short revisit 

time enables water bodies to be monitored frequently (Bande et al., 2018). Satellite images also 

help in estimating the water quality of water bodies, not easily accessible (Peppa, et al., 2020). 

Satellite images from  Sentinel and Landsat have been used by several authors in monitoring 

water quality in different parts of the world (Gholizadeh, et al., 2016; Bandel et al., 2018; Elhag 

et al., 2019; Topp et al., 2019; Chen et al., 2020; Kim et al., 2020; Katlane et al., 2020; Shi et 

al., 2020; Silva et al., 2021).   

2. Study Area 

Lilongwe River runs through Lilongwe, the capital of Malawi, that is experiencing 

development and rise in urbanization (Chidya et al., 2016), and a lot of discharge from 

industrial, domestic, and agricultural activities end up in this river. The study was conducted 

on the Lilongwe River in the Lilongwe district of the central region of Malawi to understand 

the change in the water quality of the dam due to anthropogenic activities. Lilongwe district 

lies between 14.50 and 13.50 S latitude and between 33.50 and 34.50 E longitude (Fig-1). 

Dzalanyama mountain range borders the country of Mozambique where the river originates. 

The river spans to a length of approximately 100 km with a catchment area of about 1800 km2 

(Nyasulu, 2012). There are two dams on the Lilongwe River which are used by the Lilongwe 

Water Board (LWB) for supplying water to the city. These are Kamuzu Dam I (14.170 S and 

33.640 E) which was constructed on the Zambezi basin in 1966, have a capacity of 4,500,000 

m3, and Kamuzu Dam II (14.160 S and 33.680 E) which was constructed in 1989, just below 

Kamuzu Dam I, and later rehabilitated in 1992, has a capacity of 19,800,000m3. Kamuzu Dam 

I (KD-I) acts as a balancing reservoir and its outflow goes directly into Kamuzu Dam II (KD-

II). The reservoir, named Kamuzu Reservoir (Fig-2) was studied for the present work.  
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Fig. 1. Locator Map of Study Area 

 
Fig. 2. Kamuzu Reservoir along Lilongwe River, Central Malawi, and the location of the Dams. 

Some authors have studied the water quality of the area (Nyasulu, 2012) and its relationship 

with the landuse and landcover (Nkwanda et al., 2021), no study has been conducted to assess 
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the variations in water quality parameters of the reservoir and estimation of water quality 

parameters using satellite images. In this study, the spatial spread of water quality parameters 

across the reservoir have been derived using the band ratio algorithm using satellite images and 

the same has been compared with the in-situ data.  

3. Materials and Methods 

In the present study, the satellite data was used to estimate the water quality parameters which 

was compared with the in-situ data of the same period. The estimated and in-situ values were 

further analysed through corelation and regression. The flow chart followed in the study is 

shown in Fig-3 which shows the different steps followed for the estimation of water quality 

using different band ratio for Landsat and Sentinel-2 data and its corelation with the in-situ 

data and the distribution of the water quality parameter in the reservoir. The satellite data 

(Sentinel-2 and Landsat 8 images) were downloaded from their respective websites 

(Copernicus https://scihub.copernicus.eu/ for Sentinel-2 and Earth Explorer 

https://earthexplorer.usgs.gov/ for Landsat 8). Atmospheric correction was applied to the 

Landsat 8 data, whereas for the Sentinel-2 data no such correction was applied, as it was already 

corrected for the effects of atmosphere. Both the data sets were clipped using a study-area 

shapefile to get the image for the study are only. Suitable band ratio algorithms (Table-1) were 

applied to the images to estimate the water quality parameter.  

 
Fig. 3. Methodology flowchart showing different steps 

The estimated results of water quality parameters from the algorithms were used in a 

correlation and regression analysis with in-situ data for obtaining the coefficient of 
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determination (R2). For the values obtained from the processed images to correlate with in situ 

data, an average pixel value was extracted from a 5x5 pixel window corresponding to 

geographical coordinate of the water sampling point. This was necessary to avoid any bias in 

the estimated values, as a single pixel value may not represent the parameter value correctly. 

3.1 Sentinel-2 MSI data 

Sentinel-2, which was launched in 2015, is a European wide-swath, high-resolution, multi-

spectral imaging mission. It comprises of 2 twin satellites, sentinel-2A & 2B having a 5-day 

revisit frequency time. Sentinel-2 carries an optical instrument payload that samples 12 spectral 

bands: four bands at 10 m (Bands 2, 3, 4 and 8), six bands at 20 m (Bands 5, 6, 7, 8A, 11 and 

12) and three bands at 60 m spatial resolution (Bands 1, 9 and 10). Cloud free Sentinel 2 Level 

1C (L1C) MSI data for the study area for the study period has been downloaded which 

comprises of 100 sq. km tiles. A total 5 cloud free images (2016-2020) corresponding to the 

dates of the field sampling (±5 days) were downloaded and processed.  

 

3.2 Landsat-8 data 

Landsat-8 is an American Earth Observation Satellite which was launched in 2013 which 

carries two sensors: the Operational Land Imager (OLI) and the Thermal Infrared Sensor 

(TIRS). OLI collects data in eight spectral bands (Bands 1-7 and 9) with a spatial resolution of 

30 m. Band 8 collects the data with a spatial resolution of 15 m in a panchromatic band.  TIRS 

measures thermal data at 100 m spatial resolution using two bands 10 and 11. Cloud free 

Landsat-8 images were downloaded from United States Geological Survey (USGS). These 

images were downloaded to match with the dates of Lilongwe Water Board field sampling data 

(±5 days). A total number of 7 cloud free (2013-2020) images corresponded to the field 

sampling dates were downloaded and processed. 

 

3.3 Estimation of water quality parameters using satellite data 

Kutser et al., 2016 used the vegetation red edge and NIR in Sentinel-2 to estimate Total 

Suspended Matter (TSM) and obtained positive results. Gholizadeh, et al., 2016, studied many 

possibilities of band math in Landsat 8 to estimate Chl-a, Secchi depth, Coloured Dissolved 

Organic Matter (CDOM), Total Suspended Matter (TSM), and Turbidity.  Potes et al., 2018, 

used the green and coastal aerosol bands and the green, blue and red bands in Sentinel-2 to map 

turbidity and cyanobacteria respectively in a reservoir. They concluded that Sentinel-2 had a 

high potential to monitor turbidity and cyanobacteria. Bresciani et al., 2019, used Sentinel-2 
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and Landsat 8 to estimate chlorophyll-a, turbidity, and Secchi depth in two reservoirs. They 

used the Modular Inversion and Processing System to retrieve these parameters. Bande et al., 

2018, compared Sentinel-2 and Landsat 8 to generate the effectiveness of one satellite over the 

other. They estimated that the concentration of chlorophyll-a using the coastal aerosol, blue, 

green and red bands while the blue and red bands were used to estimate turbidity. The results 

showed that Sentinel-2 had an edge over Landsat 8 data because of its better resolution.  

Soomets et al., 2020,  estimated TSM, Chl-a, Secchi depth, and CDOM from Sentinel-2 data 

using several band ratio algorithms. They obtained good results after comparison with in-situ 

data. The various band ratios used for the calculation of the water quality parameters, in the 

present study are listed in Table-1. These ratios are based upon the above studies. 

Table-1: Band ratios used to retrieve Chl-a, TSM, Turbidity, CDOM, SD and 

Cyanobacteria from satellite images 

Sentinel-2 Landsat 8 

Band ratio Water 

Quality 

Parameter 

Reference Band ratio Water 

Quality 

Parameter 

Reference 

R704/R664 Chl-a (Ansper and 

Alikas, 2018) 

Rrs(NIR)/ 

Rrs(Red) 

Chl-a (Gholizadeh, et 

al., 2016) 

R782-

R740+R832/2 

TSM (Soomets et 

al., 2020) 

Rrs(Red)/ 

Rrs(Green) 

TSM (Gholizadeh, et 

al., 2016) 

R492/R664 Turbidity (Bande et al., 

2018) 

Rrs(Blue)/ 

Rrs(Red) 

Turbidity (Bande et al., 

2018) 

R559/R664 CDOM (Toming et 

al., 2016) 

Rrs(Green)/ 

Rrs(Red) 

CDOM (Toming et al., 

2016) 

1.694*KdPAR

-0.677 

SD (Soomets et 

al., 2020) 

Kd490 SD (Zheng et al., 

2016) 

115530.31*(R

559*R664)/R

704 

Cyanobacte

ria 

(Potes et al., 

2018) 

For Sentinel-2, R denotes the reflectance and the particular number after R denotes the 

wavelength. For Landsat 8, Rrs denotes the reflectance and Blue, Green, Red denotes the 

bands. Kd is the light attenuation coefficient. 

 

Preprints (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 26 January 2023                   doi:10.20944/preprints202301.0477.v1

https://doi.org/10.20944/preprints202301.0477.v1


Since the in-situ data was collected between the period of 2013 to 2020, Sentinel-2 satellite 

data could not be used for the entire study as it is only available from 2016. To corelate the 

data between 2013-2016, Landsat 8 data was used.  

Cloud-free Landsat-8 satellite data of the Kamuzu reservoir were obtained for the period 2013 

to 2020 and Sentinel-2 for the period 2016 to 2020. This period matched with the in-situ data 

collection dates.  Landsat 8 images were pre-processed and processed in ERDAS Imagine and 

SNAP. Band ratio algorithms, as discussed above, were used to estimate the water quality 

parameters.  

The resulting estimated parameters from the satellite images were correlated with in-situ water 

quality data to validate the results obtained from the satellite images while the other water 

quality parameters were illustrated as spatial distribution maps.  

3.4 In-situ Data 

Lilongwe Water Board (LWB) is a Statutory Corporation established in 1947 as utility service 

provider and is responsible for the provision of water supply services to the City of Lilongwe 

and surrounding after abstracting raw water from the river through the two dams. The board 

periodically tests the water for various parameters at the source of the water and treated water. 

Field sampling data of the LWB was acquired which consisted of TSM and turbidity measured 

and the location of the sites from where the samples were collected. The LWB collects the data 

at 14 different points along the river. Out of the 14 data collection points, only 3 sampling 

points fall in the study area viz., Katete, Kamuzu Dam I (KD-I), and Kamuzu Dam II (KD-II) 

as shown in Fig-4. The data ranged from 2013 to 2020, although the frequency of collection 

was inconsistent. The data obtained from LWB is shown in Table-2. 

Table-2: In-situ data collected from LWB with name of the stations and the date 

TSM (mg/l) 

 Co-ordinate (UTM) Date of Sample collection (mm/dd/yyyy) 

Station Northing 

(m) 

Easting 

(m) 

10/09/2013 04/10/2014 15/06/2016 04/08/2016 12/09/2017 05/07/2018 07/08/2018 09/09/2019 31/10/2019 

Katete 564294 8429723 4.81 3.2 1.2 0.4 4 3 3 11 22 

Kamuzu 

Dam I 
569230 8432931 12.1 10 2.4 5.2 9 15 4 14 26 

Kamuzu 

Dam II 
574129 8433949 3 3.6 5.6 2 10 3 15 10 4 
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Turbidity (NTU) 

 Co-ordinate 

(UTM) 

Date of Sample collection (mm/dd/yyyy) 

Station Northing 

(m) 

Easting 

(m) 

10/09/2013 04/10/2014 15/06/2016 04/08/2016 12/09/2017 05/07/2018 07/08/2018 09/09/2019 31/10/2019 

Katete 564294 8429723 4.7 2.7 4.7 0.4 3.4 5.3 5.2 8.6 18.7 

Kamuzu 

Dam I 
569230 8432931 16.5 6 2.9 3.6 5.1 13.7 7.4 7.9 20.9 

Kamuzu 

Dam II 
574129 8433949 4.7 3.2 5.1 1.7 3.3 3.6 5 4.8 3.7 

 

 
Fig. 4. Water Sample points on the study area 

The satellite images of the same dates for which the sample was collected was used for 

processing. However, for days when the cloud-free satellite image for the said date was not 

available, few days prior or post the date was selected and the cloud free image was 

downloaded and processed for estimation of water quality parameters. Care was taken so that 

no date of the satellite image is beyond 4 days of the sample collection date (Table-3). 

Table-3: Number of days difference between the sample date and image date 

Sample collection date 

(mm/dd/yyyy) 

Image difference in days 

(+ is for advanced and – for prior date) 

10/09/2013 2 

04/10/2014 -3 

Katete 

Kamuzu Dam I 

Kamuzu Dam II 
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15/06/2016 1 

04/08/2016 -1 

07/08/2018 2 

09/09/2019 4 

31/10/2019 0 

 

Field sampling dates corresponding with satellite imagery dates were also used to perform a 

correlation and regression analysis. Since only two parameters viz., TSM and turbidity were 

available for comparison, the correlation and regression analysis of the satellite image 

estimated TSM and turbidity, with the field-collected samples of TSM and turbidity were used 

to determine the coefficient of determination (R2). 

4. Results and Discussion 

The result of the estimated water quality parameter for the study is being presented in two parts. 

The first part describes the spatial distribution of the water quality parameters, as obtained from 

the satellite images using band-ratio algorithm. In the second part, the co-relation of the 

estimated parameters with the in-situ data has been done and the co-relation coefficient has 

been estimated to see the efficacy of the estimated water quality parameters vis-à-vis in-situ 

data. 

4.1. Spatial distribution of estimated parameters using Sentinel-2 data 

The Sentinel-2 satellite data was used to estimate six water quality parameters for the years 

2016, 2017 and 2018. Fig. 5, 6, and 7 shows the spatial distribution of Chl-a, TSM, Turbidity, 

Secchi depth, Cyanobacteria and CDOM as estimated using Sentinel-2 images for the year 

2016, 2017 and 2018 respectively. Fig. 5a shows that there is a high concentration of 

chlorophyll-a towards the Katete sampling point and some patches of high concentration 

towards KD-II. According to Gholizadeh, et al, 2016 there is a direct relationship between 

chlorophyll-a and cyanobacteria since cyanobacteria are capable of photosynthesis which 

needs chlorophyll for successful processing. The relationship is evident in figures 5a and 5e as 

both the parameters have higher concentration near Katete whereas it decreases for KD-I and 

KD-II sample points. Figures 5b, 5c, and 5d, shows the spread of TSM, Secchi depth, and 

Turbidity. As can be seen that there are some patches of low concentration of TSM (Fig-5b) 

towards the KD-I and II, and Secchi depth (Fig-5d) is low for the same region whereas turbidity 

and Seechi depth shows a negative co-relation ((Fig-5c and 5d). TSM and CDOM usually 
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influence the scattering in the water which is evident from Fig-5b and 5f. CDOM and TSM are 

in direct co-relation as both the values are high near southern tip of the water body whereas it 

is uniformly distributed in the northern region. Increase in turbidity relates to less of planktons 

and hence less of dissolved oxygen and Chl-a, which is also observed in Fig-5a and 5c.  

 
Fig. 5. Sentinel 2 spatial distribution maps showing (a) chlorophyll-a, (b) TSM, (c) Turbidity, 

(d) Secchi depth, (e) Cyanobacteria, and (f) CDOM for 2nd August 2016 

 

Figs. 6a-f shows the spatial distribution of the estimated water quality parameters for 2017 

using the Sentinel image of 16th September 2017. The observation is similar to the observation 

of 2016. As per the fig. 6a, there is a high concentration of chlorophyll-a around the Katete 

sampling region, but the concentration is low towards KD-II. Fig-6b shows the distribution of 

total suspended matter and is high at the southern part whereas it reaches to a minimum in the 

northern part near KD-II. The spatial distribution of turbidity is represented in Fig-6c which is 

almost similar and on the mid-high side for the entire study area, except for the northern region 

where it is maximum. This is also reflected in the Seechi depth spatial distribution in Fig-6d. 

For most of the region the values are moderate whereas for the northern region the values are 

very less (wherever there is a higher value of turbidity). Cyanobacteria and CDOM distribution 

are almost uniform throughout the reservoir. Except for Fig-6e and f, all other distribution 

follows the conventional patterns i.e., wherever there is more turbidity, the seechi depth is less 
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representing not so clear water, less of Chl-a because of less dissolved oxygen and less of 

planktons.  

 
Fig. 6. Sentinel 2 spatial distribution maps showing (a) chlorophyll-a, (b) TSM, (c) Turbidity, 

(d) Secchi depth, (e) Cyanobacteria, and (f) CDOM for 16th September 2017.  

 

The results obtained in Fig-7 for the year 2018 are similar to those in Fig-5 and 6 for years 

2016 and 2017 respectively. The relationships observed between water parameters are similar 

to the earlier years.  
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Fig.-7. Sentinel 2 spatial distribution maps showing (a) chlorophyll-a, (b) TSM, (c) Turbidity, 

(d) Secchi depth, (e) Cyanobacteria, and (f) CDOM for 3rd July 2018.   

 

The three Sentinel-2 processed figures (Fig. 5, 6, and 7) have shown variation in the Chl-a 

values. The estimated spatial distribution of Chl-a for 2017 and 2018 are almost similar. 

However, when Chl-a values are compared with 2016, it shows a major change in chlorophyll-

a concentration for KD-II sampling point but almost similar values for Katete and KD-I, which 

has lower concentrations. The high concentrations of Chl-a are observed from Katete running 

towards KD-I and is similar for all the three years for which the study has been done. The high 

concentration around Katete and KD-I region can be attribute to the fact that there are 

settlements and agricultural activities around the region and agricultural and domestic wastes 

ends up in the water leading to high concentrations of Chl-a. The values of Chl-a decreases 

northwards as there are less settlements around the dam area and almost no effluents are passed 

onto the water body. However, the concentration of Chl-a in 2016 in the northern region was 

almost similar to that of southern part, which needs to be studied in more detail. 

The figures also show the relationship that is there between Secchi depth, turbidity, and TSM. 

All the figures show a direct relationship between Secchi depth and TSM while there is an 

inverse relationship between Secchi depth and turbidity. The depth of water transparency is 

low towards the KD-II compared to the KD-I and Katete sampling regions, at the same time 

TSM concentration is low while turbidity concentration is high. 

Preprints (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 26 January 2023                   doi:10.20944/preprints202301.0477.v1

https://doi.org/10.20944/preprints202301.0477.v1


4.2. Spatial distribution of estimated parameters using Landsat data 

Landsat-8 satellite data was used to estimate five water quality parameters for the years 2013, 

2014 and 2019. Figs. 8, 9, and 10 show the spatial distributions of Chl-a, TSM, Turbidity, 

Seechi depth and CDOM, as estimated from the Landsat-8 data. The spatial distribution of 

these parameters for all the years are almost similar as can be observed in the figures. The Chl-

a distribution indicates a high concentration towards the Katete sampling region but has a low 

concentration towards the KD-I & II. CDOM distribution shows a low concentration near 

Katete which increases towards KD-I and increases further towards KD-II and remains almost 

uniform near KD-II. Turbidity and Seechi depth distribution shows an inverse relationship, 

which is expected, and turbidity increases from Katete to KD-I and further towards KD-II and 

corresponding Seechi depth decreases from Katete towards KD-I and further to KD-II. TSM 

and turbidity also follows an inverse relationship for the region between Katete and KD-I, 

however, for the area around KD-II, the turbidity has a very high value, but the TSM does not 

vary accordingly. There are some patches in the area around KD-II where the TSM varies from 

moderate to low which is also reflected similarly in the distribution of Seechi depth. Few 

patches of low concentration of TSM and Seechi depth near the KD-II sampling point needs to 

be investigated more, as all other parameters are distributed as expected. 

Comparing the results of parameters between the time series, the Chl-a is almost similar for 

Katete between 2013, 2014 and 2019. However, the value increases for 2014 from 2013 and 

then it decreases for 2019. CDOM values for all the years are similar for all the observation 

stations and are more or less uniform over the period. Turbidity is least at Katete station for all 

the years but has increase over time. For KD-I, the turbidity increases as compared to Katete 

and further increases around the observation point KD-II. Turbidity in the northern region near 

KD-II is maximum for all the years but decreases in 2014 as compared to 2013 but again 

increases in 2019. For all the years, Seechi depth is inversely related with the turbidity and 

same is the case with TSM. 
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Fig. 8. Landsat 8 spatial distribution maps showing (a) Chlorophyll-a, (b) TSM, (c) Turbidity, 

(d) Secchi depth, and (e) CDOM for September 2013 

 

 
Fig. 9. Landsat 8 spatial distribution maps showing (a) Chlorophyll-a, (b) TSM, (c) Turbidity, 

(d) Secchi depth, and (e) CDOM for October 2014 
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Fig. 10. Landsat 8 spatial distribution maps showing (a) Chlorophyll-a, (b) TSM, (c) Turbidity, 

(d) Secchi depth, and (e) CDOM for September 2019. 

 

4.3. Validation of the estimated data vs in-situ data using co-relation and regression 

analysis 

As stated earlier, only two data viz., turbidity and TSM were common between the estimated 

and in-situ data collected for the study area between the study period. A co-relation and 

regression analysis was performed between the two data to understand the efficacy of the 

satellite image derived water quality parameters and whether these could replace the manual 

and tedious data collection procedure. In-situ data were available for 3 sampling points over a 

period resulting in 15-20 data points to be validated depending upon the availability of the 

cloud free satellite data. For all the sample points the TSM and Turbidity values were read from 

the satellite generated TSM and Turbidity spatial distribution maps (Figs 5-10). Since these 

estimated data were found using band-ratio algorithms, the resultant values were 

dimensionless. A co-relation graph between the observed and estimated values were plotted, 

as shown in Fig-11. 
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Fig-11. Co-relation graph between observed and estimated values of TSM and turbidity for 

Landsat-8 and Sentinel-2 satellite data 

Fig-11 (a) and (b) are the co-relation curve for Sentinel-2 data vis-à-vis observed values as 

obtained by field sampling whereas Fig-11 (c) and (d) is that of Landsat-8. It was observed that 

the co-relation co-efficient of TSM is 0.9 (Fig-11(b)) and that of turbidity is 0.7 (Fig-11 (a)). 

The same for Landsat-8 was found to be 0.6 (Fig-11 (c)) and 0.56 (Fig-11 (d)) respectively. As 

the turbidity and TSM values shows a strong co-relation for Sentinel-2 data as compared to the 

Landsat-8 data, the same may be used to estimate the TSM and turbidity values to a reasonable 

accuracy. However, the number of sample points were less, nonetheless, it can be concluded 

that Sentinel-2 satellite data and band-ratio algorithms can be used to fairly estimate the water 

quality parameters for a large water body as has also been reported by several other studies. 

The better accuracy of Sentinel-2 is a result of the better spatial resolution of the satellite data 

than the Landsat-8 data. Since the observed samples over the years were not tested for other 

parameters and hence the estimated values could not be compared, but a fair assessment of the 

parameters can be done using satellite data. 

The variation in the estimated data for some of the parameters at few locations may be 

attributed to the fact that the water body under study is a fairly large water body and the samples 

were taken only from the banks of the river and the dam, whereas the satellite data used in the 
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study was of 10m and 30m spatial resolution spread over the entire dam. Better spatial 

resolution such as 5m or 1m satellite data may result in better estimation of the water quality 

parameters. 

5. Conclusion 

Remote sensing is an effective way through which some of the challenges faced in water quality 

monitoring can be solved. From the results obtained through co-relation analysis of TSM and 

turbidity retrieved from Sentinel 2 and the in-situ data, it has been observed that a reliable 

precision can be obtained using estimation of turbidity and TSM from satellite images. 

Although Landsat 8 was also used to estimate TSM and turbidity, the co-relation results shows 

that the parameters estimated using Sentinel 2 were significantly better than Landsat 8, because 

of better spatial resolution. It can be concluded that remotely sensed data can result in effective 

water quality monitoring. 

The results also shows that Sentinel 2 and Landsat 8 data has great potential for estimating 

water quality parameters as it was possible to estimate and map Chl-a, TSM, turbidity, 

cyanobacteria, and CDOM concentrations as well the Secchi depth using band ratio algorithms. 

The water quality can be estimated and assessed on a wider range through spatial distribution 

maps. This study further shows that remote sensing can address the problem of limited in situ 

data. The frequency of in situ samplings is also a problem that was witnessed in the number of 

times data was collected over 7 years. With Sentinel 2 and Landsat 8 having short revisit times 

of 5 and 16 days respectively, they come as a solution to this problem.  

The results in this study have also shown that the highest concentrations of all the water 

parameters in the reservoir is at the upstream region where Katete is situated to where the 

Kamuzu Dam I is, as compared to the region between Kamuzu dam I and Kamuzu dam II. This 

is the region where the population is high compared to all the other regions of the catchment 

of the two reservoirs. Many anthropogenic activities occur around this area, the most common 

one being farming. The reservoir hence acts as drainage for most of the agricultural effluents 

when they are washed off by runoff. 

The authors used offline processing of downloaded satellite images which took considerable 

amount of time. However, with historical and current satellite data at varying resolutions and 

processing tools available on Google Earth Engine (GEE) platform, water quality assessments 

have become much simpler and faster. A detailed study of the region about seasonal variation 
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of water quality parameters with anthropogenic activities may be undertaken using GEE to 

understand the effect of these activities on the changing water quality of the reservoir. 
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