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H used for time-series forecasting of water quality parameters. They can predict
Introductlon future values based on historical data, helping in trend analysis and early
warning systems [2]. A study in the Yangtze River Basin utilized machine
learning algorithms to analyze data from sensors monitoring water quality
parameters. Models like Random Forest and Gradient Boosting Machines
(GBM) were used to predict concentrations of pollutants and provide real-time
alerts for water quality issues.

The assessment of surface water quality is critical for environmental
management, public health and policy-making. Traditional methods of water
quality monitoring involve labor-intensive processes and can be limited by
the availability and granularity of data. Recent advancements in machine
learning offer promising solutions for enhancing water quality assessment
through automated analysis and predictive modeling. This article explores the In Lake Erie, machine learning models were employed to predict
application of ML algorithms in surface water quality assessment, reviewing ~ phosphorus levels based on meteorological and hydrological data. Support
various methodologies, evaluating their effectiveness and discussing Vector Machines and Neural Networks provided accurate forecasts, aiding
challenges and future directions. Surface water quality is a key indicator of ~ in the management of eutrophication and algal blooms. A project in the
environmental health and safety. Monitoring water quality involves measuring ~ Chesapeake Bay area used Decision Trees and k-Nearest Neighbors (k-
parameters such as pH, turbidity, dissolved oxygen and concentrations NN) to classify water quality into different categories based on historical
of contaminants. Traditional approaches, including manual sampling and monitoring data. The classification models helped in identifying areas with
laboratory analysis, are resource-intensive and may lack the spatial and  high pollution risk and targeting mitigation efforts [3]. Missing or incomplete
temporal resolution needed for comprehensive assessment. Machine learning ~ data can affect model accuracy and reliability. Inaccurate or uncalibrated
algorithms have emerged as powerful tools to address these challenges, sensors can introduce errors into the data used for modeling. Complex models
offering the potential for real-time monitoring, prediction and decision support. ~ may overfit to the training data and perform poorly on unseen data. Models
This paper examines the application of ML in assessing surface water quality, ~ trained in one region may not perform well in different geographic areas due
focusing on the types of algorithms used, their effectiveness and future  to variations in water quality patterns. Complex machine learning models,

prospects [1]. especially deep learning algorithms, can be challenging to interpret, making it
difficult to understand the rationale behind predictions.
Description Combining ML with remote sensing technologies (e.g., satellite imagery)

can enhance monitoring capabilities by providing large-scale and high-
Used for predicting continuous water quality parameters based on resolution data for water quality assessment. Advancements in Internet of
historical data. Examples include Linear Regression and Support Vector ~ 1hings (loT) and real-time data processing will enable more effective and
Regression (SVR). These models can predict values such as pollutant timely water quality monitoring and prediction. Developing techniques to
concentrations from sensor data. Used for categorizing water quality into improve the interpretability of complex models will help stakeholders better
predefined classes (e.g., clean, polluted). Examples include Decision Trees, ~ understand and trust the results of machine learning analyses [4,5].
Random Forests and Support Vector Machines (SVM). These models can
classify wa}ter bodies based on the Ii_kelihood of pollution_ or compl_iance vyith CO“C'USiOﬂ
water quality standards. Techniques like K-Means Clustering and Hierarchical
Clustering group similar data points based on water quality parameters. These
methods help identify patterns and anomalies in water quality data, such as
detecting pollution hotspots or seasonal variations. Methods like Principal

Machine learning algorithms offer significant advantages for assessing
surface water quality by providing automated, efficient and accurate analysis.

Component Analysis (PCA) and t-Distributed Stochastic Neighbor Embedding Thes_e techniques e_zr_lhance our abi_lity to m_onitor water quality in real-time,
(t-SNE) reduce the number of variables to identify the most significant factors predict future conditions and identify pollution sources. Despite challenges

affecting water quality. These techniques are useful for simplifying complex ~ SUch as data guality and model interpretability, ongoing advancements in
datasets and visualizing relationships. machine learning and technology hold promise for improving water quality

) ) management and environmental protection.
Deep learning models, such as Multi-Layer Perceptrons (MLP) and

Convolutional Neural Networks (CNN), can learn complex patterns from large
datasets. They are used for tasks like predicting water quality from time-series ~ /AC kn 0W|edgement
data and image-based monitoring (e.g., detecting algal blooms from satellite

images). RNNs, including Long Short-Term Memory (LSTM) networks, are None.
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