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Abstract 
 

The absence of proper and effective monitoring of water quality of Buriganga River has worsened its 

environmental aspects. This study focused on bridging the existing gaps and developing novel models to analyze 

the water quality scenario. For this study, twelve (12) study points were selected near Buriganga Sadarghat area 

within a timeframe of January 2020 – December 2024. Sentinel-2 satellite data was used to estimate four (4) 

optical indices – Chromophoric Dissolved Organic Matter (CDOM) index, Maximum Chlorophyll Index (MCI), 

Normalized Difference Chlorophyll Index (NDCI), and Floating Algae Index (FAI). The study findings revealed 

that CDOM index values were higher in all the points, whereas MCI, NDCI, and FAI values mostly showed 

moderate values – indicating runoff-driven organic enrichment, no explosive bloom, and early eutrophication 

stage. Random Forest Regression (RFR) and Long Short-Term Memory (LSTM) Network were used for 

forecasting of the optical indices in January, 2025. RFR performed better than LSTM by yielding lower Absolute 

Mean Error (MAE) and Root Mean Squared Error (RMSE) scores, indicating better forecasting ability. 
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1 Introduction 

Water quality monitoring is an important aspect to identify potential pollution sources, assess the current aquatic 

environmental conditions with respect to specified parameters and indices, and propose mitigation measures to 

address them to the policymakers and stakeholders. It is crucial for the relevant authoritative figures and 

decision-making bodies to comprehend this in order to support their in-built managerial activities regarding 

water resources (Behmel et al., 2016).  

Dhaka is the capital of Bangladesh, which stands on the banks of River Buriganga. This river has rich and 

diverse history from ancient times. But rapid urbanization and industrialization are the major reasons, for which 

Buriganga’s water is not safe for drinking and other daily household activities today. Its pollution levels are 

much higher than the prescribed World Health Organization (WHO) standards. Receival of effluents from 

sewage lines and industries along with polluted runoff cause increased levels of pH, total coliform number, and 

turbidity (Pramanik & Sarker, 2013), making it unsafe for any aquatic lives (Sarkar et al., 2015). Additionally, 

Biological Oxygen Demand (BOD), Chemical Oxygen Demand (COD), Electrical Conductivity (EC), and Total 

Dissolved Solids (TDS) are higher, whereas Dissolved Oxygen (DO) is lower – making this river ecologically 

disrupted and environmentally hazardous (Kamal et al., 1999; Moniruzzaman et al., 2009; Rahman & Bakri, 

2010; Yasmeen et al., 2012; Saifullah et al., 2013; Akbor et al., 2017; Hoque & Deb, 2017; Riad Khan et al., 

2023). Most of the water quality monitoring or assessment studies were based on in-situ water sample collection. 

Some studies used statistical methods (Fatema et al., 2018), but the numbers are very low. But there has been no 

attempt to assess Buriganga’s water quality with an integrated approach of RS or GIS and ML. 

However, incorporation of Remote Sensing (RS) technology, Geographic Information System (GIS), and 

Machine Learning (ML) algorithms into Water Quality Monitoring Programs (WQMPs) are currently being 

implemented globally, ensuring higher accuracy for a detailed insight. In a study conducted in India, Nasir et al. 

(2022) analyzed 1679 water samples in order to classify water quality through several ML algorithms, like 

Logistic Regression (LR), Random Forest (RF), and Support Vector Machine (SVM). Another study in Pakistan 

on predicting Water Quality Index (WQI) and Water Quality Class (WQC) revealed that Multi-layer Perceptron 

(MLP) produced best predictor model, with an accuracy of 85.07% – using 663 water samples from 13 locations 

in Rawal Lake during 2009-12 (Ahmed et al., 2019). A study led by Kim et al. (2014) on estimating marine 

water quality indicators (concentrations of suspended particulate matter and chlorophyll-a) in the west coast of 

South Korea using Geostationary Ocean Color Imager (GOCI) satellite data implemented three (3) ML 

algorithms – RF, Cubist, and Support Vector Regression (SVR), among which SVR performed comparatively 

better. Embedding ML with Internet of Things (IoT) is also in practice for the purpose of water quality 
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monitoring (Adeleke et al., 2023). Furthermore, application of RS integrated with ML algorithms in WQMPs 

ensures spatiotemporal variability of Water Quality Parameters (WQPs) effectively (Ritchie et al., 2003; Adjovu 

et al., 2023). A study in Kissimmee River basin in South Florida, USA implemented Water Quality Monitoring 

(WQM) through RS and Artificial Neural Network (ANN), which developed a model achieving excellent 

relationship between observed and simulated WQPs (Chebud et al., 2012). 

Focusing on this research gap, this study aims at using RS- and ML-oriented approach for water quality 

monitoring of Buriganga River using Sentinel-2 satellite data. This study will play a pioneering role in WQMPs, 

paving the way to integrate RS, ML, and GIS in monitoring purpose of important water-bodies in Bangladesh, 

which will ensure effective policy and decision-making among the relevant policymakers regarding the 

improvement of water resources. 
 

2 Methodology 
 

2.1 Study Area and Data Collection 

This study covered a stretch of Buriganga near Sadarghat (having 7-kilometer length and 0.4-kilometer width), 

containing twelve (12) points to estimate water quality due to their proximity to pollution sources (Figure 1). 

Sentinel-2 satellite data (Level-2A) (https://dataspace.copernicus.eu/data-collections/sentinel-data) was used for 

this study (January 2020 – December 2024). 

 

Figure 1.  Location of the study area. 

 

2.2 Data Preprocessing 

Preprocessing was performed in Google Earth Engine (GEE). Sentinel-2 Level-2A surface reflectance imagery 

(COPERNICUS/S2_SR_HARMONIZED) was used, which is atmospherically corrected using the Sen2Cor 

algorithm implemented by European Space Agency (ESA). Additional preprocessing steps included cloud and 

cirrus masking based on the QA60 band, where bits 10 (cloud) and 11 (cirrus) were excluded. Images with a 

cloudy pixel percentage below 20% were retained to ensure data quality. Surface reflectance values were scaled 

by dividing by 10000, and all images were clipped to the study boundary to minimize land adjacency effects. 

Also, 20 m bands were bilinearly resampled to 10 m before index computation. To address potential mixed 

pixels in narrow river reaches, only the water-covered region within the delineated river polygon was analyzed. 

 

2.3 Optical Indices 

On the basis of central wavelength, bandwidth, and resolution, there exists a total of twelve (12) spectral bands in 

Sentinel-2. A detailed description of the study indices is shown in Table 1, where all band numbers correspond to 

Sentinel-2 MSI spectral bands with their respective central wavelengths and spatial resolutions as indicated. 
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Table 1.  Interpretation of optical indices to assess Buriganga River’s WQM. 

Index Purpose Formula Bands used 

Chromophoric 

Dissolved Organic 

Matter (CDOM) Index 

Estimates colored 

dissolved organic 

matter concentration 

CDOM Index = B3 / B2   B2 (490 nm, Blue, 10 m) 

B3 (560 nm, Green, 10 m) 

Maximum Chlorophyll 

Index (MCI) 

Estimates 

chlorophyll-a 

concentration 

MCI  

= B5 – [B4 + (B6 – B4) 

× (705 − 665) / (740 − 

665)] 

= B5 – [B4 + (B6 – B4) 

× 0.5333] 

B4 (665 nm, Red, 10 m) 

B5 (705 nm, Red Edge 1, 

20 m) 

B6 (740 nm, Red Edge 2, 

20 m) 

 

Normalized Difference 

Chlorophyll Index 

(NDCI) 

Estimates 

chlorophyll-a 

concentration 

NDCI  

= (B5 – B4) / (B5 + B4) 

B4 (665 nm, Red, 10 m) 

B5 (705 nm, Red Edge 1, 

20 m) 

Floating Algae Index 

(FAI) 

Estimates floating 

algae and 

cyanobacteria 

blooms, giving 

insights on 

eutrophication 

FAI 

= B8A − [B6 + (B11 – 

B6) × (865 − 740) / 

(1610 − 740)] 

= B8A − [B6 + (B11 – 

B6) × 0.1437] 

B6 (740 nm, Red Edge 2, 

20 m) 

B8A (865 nm, NIR, 20 m) 

B11 (1610 nm, SWIR 1, 20 

m) 

 

2.4 ML Framework 

Two (2) supervised ML models – Random Forest Regression (RFR) and Long Short-Term Memory (LSTM) 

Network – were developed to model temporal variations of the targeted parameters across 12 spatially distributed 

study points with 60 monthly observations. Each column was modeled independently to account for site-specific 

variability. 

Input features and preprocessing: For each study point, a univariate time series was used as input, with a lag 

window (time steps) selected empirically to capture short-term temporal dependencies. Prior to model training, 

all data were normalized using Min-Max scaling to constrain features to the range [0, 1]. Data normalization 

ensured consistent scaling between predictors and the target variable. 

Model architectures and hyperparameter settings: RFR model was implemented using scikit-learn with 500 

decision trees (n_estimators = 500) and a maximum depth determined through internal validation to balance bias 

and variance. Bootstrapping was enabled, and the random state was fixed at 42 to ensure reproducibility. On the 

other hand, LSTM model, implemented in TensorFlow/Keras, comprised one hidden LSTM layer (50 units), a 

dropout layer (rate = 0.2) to prevent overfitting, and a dense output layer with linear activation. The network was 

compiled with the Adam optimizer (learning rate = 0.001) and trained for up to 100 epochs using a batch size of 

16. Early stopping was applied with a patience of 10 epochs to avoid overtraining. 

Model evaluation and validation strategy: Given the limited sample size (~ 60 records), model performance 

was evaluated using 10-fold time-series cross-validation (CV) instead of a random 80:20 split to avoid 

overestimating generalization ability. For each fold, models were trained on earlier observations and validated on 

subsequent data to preserve temporal order. Performance metrics included Mean Absolute Error (MAE) and 

Root Mean Square Error (RMSE). The mean and standard deviation of each metric across folds were reported to 

assess model accuracy and stability. An additional uncertainty metric was calculated to quantify prediction 

variability across folds, reflecting the consistency of model performance under different temporal partitions. 

Reproducibility: All models were implemented in Python (Jupyter Notebook) with fixed random seeds for 

NumPy, TensorFlow, and Python’s random module to ensure reproducibility. 

 

3 Results and Discussions 
 

3.1 Temporal Dynamics of Optical Indices 

On the context of CDOM index, all the points showed very high values (> 0.02) throughout the study period, 

indicating heavy organic pollution or runoff. The study points are mostly of mesotrophic waters having algae 

presence, as they demonstrated moderate levels of chlorophyll-a concentrations (MCI and NDCI values are 

mostly within 0.01-0.05 and 0.05-0.2 ranges, respectively). However, some points (Point-5: Tel ghat, Point-9: 

Hasnabad Market) have minimal levels of chlorophyll, indicating no bloom condition. Although almost all the 

points showed moderate levels of floating algae (0.005-0.025), Hasnabad Market’s FAI levels were much higher 

– suggesting the presence of dense surface-floating algal biomass. Temporal variations of all the indices are 

presented in Figure 2 for a better visualization. 
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(a) 

 
(b) 

 
(c) 

 
(d) 

Figure 2.  Variation of the optical indices for the study points during January 2020 – December 2024. 

 

3.2 Model Performance and Forecasting 

Both the models performed satisfactorily, as MAE and RMSE scores for both of them are in 1-13% range. MAE 

and RMSE were computed using all 12 sampling points combined, representing overall model accuracy across 

the study domain. Margins of error are comparatively high during CDOM index forecast, whereas MCI 

forecasting yielded the lowest MAE and RMSE scores. Forecasting of other 2 indices also achieved very low 

MAE and RMSE scores, approximately in range 1-4%, which indicates the models’ suitability for the specific 

context. Overall, the models were able to effectively capture the complex relationship of the datasets. 
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Table 2.  Performance evaluation of the deployed ML models in testing phase. 

Index Model MAE RMSE 

CDOM Index RFR 0.1106 0.1390 

LSTM 0.1157 0.1409 

MCI RFR 0.0042 0.0056 

LSTM 0.0058 0.0068 

NDCI RFR 0.0300 0.0387 

LSTM 0.0304 0.0375 

FAI RFR 0.0146 0.0201 

LSTM 0.0192 0.0221 

 

 

Figure 3.  Relationship between model uncertainty and predictive error metrics (MAE and RMSE) for the 

CDOM index across 12 points using RFR. 

 

In Figure 3, each point represents a sampling location; increasing uncertainty corresponds to higher model error, 

indicating reduced local reliability of predictions. A sample forecasting of optical indices (CDOM Index and 

MCI) by RFR is visualized in Figure 4. 

 

Figure 4.  Forecasting of optical indices (CDOM Index and MCI) using RFR for the month of January, 2025. 

4 Conclusions 

From the estimation of optical indices for Buriganga River, it was found that the river is experiencing heavy and 

excessive pollution discharge from various industrial facilities and household activities, as CDOM index values 

were very high during the study period. Additionally, moderate MCI and NDCI values revealed that algal bloom 

and eutrophication are not that excessive, having moderate chlorophyll-a concentrations, whereas FAI values 

suggested the extent of floating algae population to be in low to moderate levels. On the context of ML 

forecasting, both RFR and LSTM were able to predict index values efficiently, maintaining error margins in 

acceptable range (1-13%). RFR-oriented forecasting achieved comparatively lower MAE and RMSE scores, 

indicating its applicability for capturing non-linear complex relationships with ease. Policy recommendations 

from this study highlight some key aspects. Firstly, strict regulations should be imposed to limit excessive 

pollutant dumping in Buriganga River to reduce the extent of colored organic matter and particles. Secondly, 

transportation of water vehicles in the Buriganga River needs continuous monitoring and mass awareness to 
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facilitate standard levels of chlorophyll concentrations and algae growth, preventing excessive algal bloom and 

eutrophication. And, lastly, incorporation of RS and ML in research projects should be given the topmost priority 

to critically analyze the river’s water quality to prescribe specific strategies for WQM. However, this study 

acknowledges some limitations. The study findings can be validated further by comparing with in-situ water 

quality data for a more detailed insight. And, if the quality monitoring is done on a long-term continuous basis, 

the results would yield more efficiency. Future research works may involve validation of the RS and ML-based 

findings using targeted in-situ sampling. Also, tracing major pollution sources to pinpoint the water quality 

scenario would be a promising aspect on this context. Overall, proper and effective implementation of the 

suggested policy suggestions will help the policymakers to formulate long-term sustainable strategy framework 

to improve Buriganga River’s current water quality for a better future. 

 

Data Availability 

Data and code will be made available upon request. 
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