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1   Introduction

Water bodies in Ghana are heavily polluted by intensive human activities such as

uncontrolled mining, excessive used of fertilizers for farming and industrial effluent

from settlement expansion. This has a tremendous impact on human and ecosystem

health. However, in-situ data for water quality assessment is limited in time and space.

Sensors mounted on Satellites such as the European Space Agency (ESA)’s Sentinel 2

Satellite can be used to remotely sense and monitor water quality indicators

continuously over large areas and extended period. We filled the spatio-temporal gaps

in in-situ water quality data with optically active water quality parameters derived from

Sentinel 2 data and examined the impacts of human activities on water quality.

This research was conducted to answer the following questions:

1.Can EO data enhance in-situ measurements of optically active water quality

constituents (parameters) spatially and temporally (i.e., covering all water bodies

where no situ data is available coupled with continuous monthly information)?

2.Can we infer from EO data the impact of human activities, (i.e., illegal mining and

intensive crop expansion) on water extent and quality?

3   Study Area 

Figure 1 Selected Hydro Basins in Ghana for 

the analysis. Twifo Pra (a) and Kpong Head Water 

(b). In-situ data on Water Turbidity in Pra River 

Basin and Chl-a in Kpong Head Water (White Volta) 

were used for validation.

2   Data Source

▪ Sentinel 2

▪ Global surface water extent (JRC)

▪ Water quality from Copernicus Global Land 

Monitoring Service

▪ Global human settlement layers with 

multitemporal data 30, 1km from 1975 to 

2030. (JRC)

▪ Global built-up surface and volume data 

30m with multitemporal data 1km from 

1975 to 2030 (JRC)

▪ University of Maryland Global Land Use 

Land Cover 30m (2000-2020)

▪ Global cropland extent 30m (2003, 2007, 

2011, 2015, and 2019), (GLAD)

Figure 2: Workflow for Assessing Human Activities Impact on Water Quality

5    Results 

5.1    Water Quality Assessment from EO Data 
The results revealed NDTI and NDCI levels above 0 in both basins. The  NDTI values were 

higher in Twifo Pra (Figure 3 a) linked with ongoing mining activities around the basins and 

higher NDCI values in Kpong Head water (Figure 3b) linked with pollution from industrial 

effluents (hydropower plant). 

Figure 3: Normalized Differenced Turbidity and Chlorophyll indices (NDTI and NDCI) derived from 

Sentinel 2 water leaving reflectance   in Twifo Pra Basin(a) and Kpong (Head Water) (b) respectively. 

5.2    Regression Analysis (In-Situ Data and EO Estimates)

The regression model revealed R2 of 72.9 %, 73% and 67.6% for in-situ 

data and NDTI in Twifo Praso (a), NDCI (b) and Chl-a estimated by   

C2RCC processor (c) in Kpong Head Water respectively indicating good 

relationship between in-situ data and the water quality parameters. 

Figure 4: Plot (a) is a regression between in-situ data for water turbidity and Normalized 

Differenced Turbidity Index (NDTI) at a selected site in Twifo Pra River. Plot (b) is the 

regression between in-situ data for Chl-a concentration and Normalized Difference 

Chlorophyll Index (NDCI) at Kpong Head Water, White Volta. Plot (c) is a regression 
between in-situ data for Chl-a concentration and Chl-a concentration estimated by Case 2 

Regional Coast Colour (C2RCC processor) respectively. 

Figure 6: Trend analysis of different band indices in 

Twifo Pra Basin

5.4   Correlation Analysis

The correlation analysis as for example in Twifo Pra (Figure 8 a) showed strong relationship between BSI 

and NDTI as well as NDCI with Pearson’s Correlation coefficient (r) of 0.59 and -0.73 respectively. 

Indicating that increase in BSI will lead to increase in NDTI and a decrease in NDCI.

Figure 8: Correlation between band indices for water quality, i.e., Normalized Differenced 

Chlorophyll Index (NDCI), Normalized Differenced Turbidity Index (NDTI), and Modified 

Normalized Differenced Water Index (MNDWI) and Proxies for Human Activities, i.e., 

Normalized Built Up Area Index (NDBI) and Normalized Bare Soil Index (BSI) in Twifo Praso 

(a)and Kpong Head Water (b) respectively. 

6.    Conclusion 

• We generated continuous monthly average estimates of water quality 

parameters (NDTI and NDCI) per anum from Sentinel 2 data to a larger extent 

relative to the frequency (of annual in-situ water quality parameters) 

available only in January, February, July, and November indicating that EO 

data can enhance in-situ measurements of optically active water quality 

constituents) both spatially and temporally. 

• The analysis found a strong relationship between BSI, a proxy for human  

activities and NDTI as well as NDCI (water quality parameters), highlighting 

that we can infer the impact of human activities on water quality from EO 

data e.g., Sentinel 2. The approach is scalable and relevant for  the SDG 6.3. 

The research was limited by inadequate in-situ data for validating 

measurements from EO data.
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4   Method 

Figure 5: 

Spatiotemporal 

variation in NDTI 

Values in Twifo-

Pra Basin for a 

one-year period. 

5.3 Trend Analysis of Water Indices
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The trend analysis revealed spatial temporal variations in both NDTI and NDCI in both basins (Figure 5) over 

a one-year period.The trend was nonlinear (harmonic motion in pattern) and marked with anomalies 

(Figures 6 and 7).We observed a major decline in water extent in April and December 2021 which reflected 

in corresponding increase in NDCI values and opposing decrease in NDTI values (Figures 6).

Figure 7: Trend analysis of different band indices in 

Kpong Head Water.
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