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Abstract

Reliable, continuous water quality monitoring is vital for safeguarding freshwater resources and public health,
particularly in vulnerable rivers like the Karnaphuli River in Bangladesh. The river faces increasing pollution from
untreated urban waste and industrial discharge but lacks a real-time monitoring system. This study focuses on
developing a framework for predicting two vital water quality parameters, pH and temperature, of the Karnaphuli
River in 2025 by integrating field measurements with satellite data and machine learning techniques. The
methodology involves five different machine learning models to predict pH and temperature values for 2025. For
this, historical satellite data from Google Earth Engine (GEE) spanning 2000 to 2024 were used to develop
predictive models. Among these models, random forest was selected as the best model for pH prediction, and
linear regression was best for temperature estimation based on the highest R? value. These two models were used
to predict pH and temperature. For validation, six months of field data were collected up to July, covering the pre-
monsoon and monsoon periods. The predicted values for 2025 were then successfully validated against these actual
field data. This study offers a scalable and practical solution for anticipating future water quality conditions and
real-time monitoring systems efficiently and affordably.

Keywords: Water Quality; Karnaphuli; Machine Learning;, GEE,; Remote Sensing Data.
1 Introduction

Surface water plays an important role in supporting both human and aquatic organisms in various ways (Bhuyan
et al., 2017). In recent decades, the surface water quality of the river streams has been adversely affected by
pollution and waste (Khullar & Singh, 2021). Rivers in Bangladesh serve people by offering transportation routes,
sources of energy, and aiding agricultural activities (Tania et al., 2021). Like many urban areas, the Karnaphuli
River is losing its water quality over time (Sarwar et al., 1970). In hydrologically dynamic river basins like the
Karnaphuli River in Bangladesh, traditional river monitoring, based on field sampling and laboratory tests,
provides high accuracy yet lacks the frequency required for real-time water quality management.

Nowadays, there is a growing shift toward using new technologies, including the integration of machine learning
(ML) algorithms in geospatial data (Wagle et al., 2020). Recently, various methods like random forest (RF),
support vector machine (SVM), k-nearest neighbor (KNN), decision tree (DT), etc., have been introduced for
classifying water quality levels (Zhu et al., 2022). These methods allow researchers to examine long-term, high-
resolution, and multi-source environmental datasets across large regions. Remote sensing techniques allow for
more effective and efficient monitoring of water quality issues in large-scale regions and water bodies. They are
now widely used for water quality assessment around the world (Leggesse et al., 2023). Therefore, cost-effective
tools are needed for continuous, regional-scale water quality monitoring to enable the efficient prediction of water
quality levels (Zhao et al., 2024).

Studies highlight the potential of ML models, fed with multi-year satellite imagery, for estimating parameters like
chlorophyll-a, dissolved organic matter, turbidity, pH, and temperature. In our study, two major water quality
parameters, such as pH and water surface temperature, were analyzed. pH can affect bacterial life and the presence
of other contaminants in water. In general, extremely high or low pH can make water unsuitable for certain uses
(Saalidong et al., 2022). Surface water temperature in river should not be viewed only a physical property, since
it is a vital environmental factor and a substantial key element for water quality and aquatic ecosystems (Feigl et
al., 2021).

The main objective of our paper is to address this existing gap by generating and validating a scalable, machine
learning and GEE-based water quality monitoring framework for the Karnaphuli River by integrating field
measurements. Our study aims to evaluate multiple machine learning algorithms to identify the best performers
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for each water quality parameter, accurately predict two crucial water quality parameters using models trained on
satellite-derived data, provide a systematic comparison of predicted values with field measurements across pre-
monsoon and monsoon periods of the Karnaphuli River. Our study overcomes the limitations in spatial and
temporal coverage inherent in traditional monitoring methods, and by adapting advanced remote sensing and
machine learning methodologies to local conditions, offering a scalable solution for improved water resource
management in Bangladesh and beyond.

2 Methodology
This study employed an integrated approach combining field sampling, laboratory analysis, satellite data

processing from GEE, and machine learning techniques to predict two crucial water quality parameters, pH and
water surface temperature, for Karnaphuli River in 2025.
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Fig.1 Adopted Methodology
2.1 Study Area

The Karnaphuli River is a crucial water resource in Bangladesh, originating in Mizoram, India, and flowing 270
km southwest through the Chittagong hill tracts and Chittagong city before entering the Bay of Bengal (Hasan et
al., 2021). Our study focuses on a segment of the Karnaphuli River located near Shah Amanat Bridge, South
Bakalia, Chattogram (22.329129°N, 91.853548°E), where the river receives wastewater from both urban and
industrial sources. The site was chosen due to its high vulnerability to pollution, especially from untreated effluents
and runoff. The river is also hydrologically active, with noticeable seasonal changes during pre-monsoon,
monsoon, and post monsoon periods. These features make it a suitable location for testing satellite-based water
quality monitoring.
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Figure.2 Study Area

2.2 Field Data Collection and Laboratory Testing

Water samples were gathered monthly over a six-month period, covering pre-monsoon and monsoon periods from
a selected location of Karnaphuli River. A total of six samples were collected. Temperature and pH were measured
directly on-site shortly after collection in the laboratory using a multiparameter to ensure data accuracy.

2.3 Remote Sensing Data (GEE) Collection and Source Integration

In addition to these field measurements, remote sensing satellite data from GEE was planned to cover a historical
period spanning from 2000 to 2024. A total of 22,853 raw data points were initially collected for temperature
prediction. The primary remote sensing data sources intended for use included MODIS Terra and MODIS Aqua,
offering daily coverage at a 1km resolution. Additionally, Landsat 8 Surface Temperature data, known for its
higher spatial resolution and 16-day cycle, was incorporated to retrieve water surface temperature. Whereas, the
original dataset for pH consisted of 162 data points. These datasets were treated as distinct input features with
dummy variables.

2.4 Feature Engineering

Features were engineered to enrich model input, including cylindrical encodings to represent Bangladesh’s
seasonal cycles like winter, summer, monsoon, and post monsoon. Furthermore, temporal features such as multi-
source lag variables, rolling statistics, and temperature trend analysis over varying time windows were applied to
capture temporal interactions and ecosystem dynamics. After cleaning and advanced feature engineering, the
processed datasets consisted of 7431 data points and 54 features for water surface temperature and 132 refined
samples for pH modeling.

2.5 Machine Learning Model Training and Selection

Five machine learning algorithms were proposed and evaluated on the historic satellite and field data such as
Random Forest, Gradient Boosting, Extra trees, Support Vector Regression (SVR) with RBF Kernel, and Linear
Regression. Due to unavailability of recent data, for temperature prediction, a 70-20-10 split was used to develop
models, which resulted in 5215 training samples, 1472 validation samples, and 744 testing samples. The dataset
was also split into training and testing subsets, with 118 samples used for training the model and 14 samples
reserved for testing its performance. This ensured model evaluation even with a small test set. Model performance
was examined using the coefficient of determination (R?). Linear Regression (R? = 1) showed the best
performance for temperature prediction, whereas Random Forest (R? = 0.985) was the most accurate for pH
estimation.

2.6 Prediction and Validation

The best-performed models with the highest R? values were selected to predict daily temperature and pH values
at the exact 2025 sampling dates. For temperature, the values primarily rely on MODIS Terra data due to its higher
reliability and availability, whereas, for proxy pH, they rely on satellite 8/9 data. Predicted values were then
validated against the six field samples collected from Karnaphuli River. Missing data within lag features were
carefully handled through imputation to preserve long-term dependability of the model.

1489



Puja Bhowmik', Md. Riadun Nabi**, Md. Tamim’

3 Result and Discussion

The aim of our study is to accurately predict the water surface temperature (WST) and pH of Karnaphuli River for
2025 using machine learning models.

3.1 Temperature: Model Performance, Prediction, and Validation

Our key finding is that the Linear Regression model showed the best performance by achieving R? = 1.00 with
nearly zero RMSE and MAE value. This indicates an almost exact match between actual and predicted
temperature. Our model successfully captured seasonal patterns, trends and maintained minimal uncertainty,
closely matching the historical satellite data. The model’s performance is exceptional, reflecting that simpler
models can outperform more than complex ones. The low residual and tight confidence interval highlight the
model’s validity. Limitations of the study include reliance on RS data, which can have temporal gaps and cloud
interference and only focus on a single river basin, which may limit the broader applicability of the findings.
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Figure.3 Model Comparison, Prediction, and Validation for Temperature.
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3.2 pH: Model Performance, Prediction, and Validation
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For pH, Random Forest yielded very high accuracy, with R? score 0.985, showing that the model captured most
of the variance in the actual data with low residual errors. In our study, the pH values reported as proxy estimates
generated by using ML models trained on satellite-derived data rather than direct chemical measurements. Satellite
captures reflected electromagnetic signals that cannot measure chemical parameters directly. Accurate pH
estimation requires in-situ chemical sensors, which demands field sampling or specialized buoy instruments. The
predicted pH values are indirect estimates from satellite data, they are not direct chemical measurements. While
less precise, the model effectively captures seasonal changes in pH. As satellites detect light, not actual water
chemistry, some uncertainty remains. However, the model performed well according to error metrics such as
RMSE and MAE, remained low and within acceptable limits. It also reflected small deviations from the measured
field data. This confirms accuracy and consistency across multiple samples.
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Figure.5 Model Comparison, Prediction, and Validation for Temperature
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4. conclusion
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Our study developed satellite-driven machine learning models to predict pH and temperature in the Karnaphuli
River with high accuracy, filling a vital gap for regular water quality assessment in a challenging and data limited
environment. By combining remote sensing and field sampling, our approach makes river monitoring easier and
more flexible than traditional approaches, even though the pH values are proxies that need more calibration.
Although the predictions are quite reliable and show useful trends, limited field data and proxy-based estimates
leave room for improvement. Overall, this study opens new horizons for river management in Bangladesh,
providing a strong foundation for timely, efficiently, and environmentally sustainable water quality monitoring,
ultimately contributing to healthier and stable ecosystem.However, the findings have certain limitations, such as
when industrial discharge is highly variable, this model can’t handle sudden pollution events.
Also,pH and WST is not sufficient key indicators for water quality analysis.
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