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ABSTRACT 

Dissolved oxygen (DO) plays a critical role in maintaining the health and stability of river 

ecosystems, as aquatic organisms rely on it for respiration and survival. Therefore, monitoring and 

accurately predicting DO levels is essential for effective environmental management, conservation 

efforts, and water quality assessment. Traditionally, DO prediction involves the physical collection of 

water samples from various river locations, followed by laboratory analysis. Based on the collected 

data, researchers build empirical models to estimate DO levels using related physical and chemical 

factors. However, this conventional approach has significant limitations, including data gaps due to 

spatial and temporal constraints, delayed results, high costs, and limited coverage, which hinder real-

time monitoring and accurate forecasting. Recognizing these challenges and the importance of 

maintaining appropriate DO levels, there is a growing need for more efficient and precise prediction 

methods. Machine learning (ML) emerges as a powerful solution, capable of analyzing large volumes 

of data and uncovering complex relationships that traditional models may overlook. This study aims 

to develop a machine learning-based predictive model for DO levels in river water, leveraging both 

historical and real-time environmental data. Such a model would enable continuous, reliable DO 

predictions, supporting better ecosystem health assessment and ensuring the well-being of aquatic life. 

Ultimately, the findings of this research will contribute to improved environmental management, 

informed conservation strategies, and sustainable water resource planning for future generations. 
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1. INTRODUCTION 

Predicting dissolved oxygen levels in river water using machine learning is a vital and 

interdisciplinary approach that addresses critical environmental, ecological, and public health 

challenges. Dissolved oxygen is a key indicator of water quality and aquatic ecosystem health, and its 

fluctuations, driven by factors such as pollution, climate change, and land use, can have severe 

consequences for biodiversity and water resource sustainability. Traditional monitoring methods are 

limited by inefficiency, low spatial coverage, and delayed response times, making real-time and 

predictive approaches increasingly necessary. Machine learning models, trained on diverse 
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environmental variables like temperature, pH, turbidity, nutrient levels, and weather data, offer 

accurate and timely forecasts, enabling early detection of water quality issues and supporting 

proactive environmental management. 

 
Figure 1: Architecture of the drinking water monitoring system. 

These predictive tools find wide-ranging applications including continuous water quality monitoring, 

aquaculture optimization, regulatory compliance, environmental impact assessments, climate change 

adaptation, and emergency response. Furthermore, they empower researchers, policymakers, 

industries, and educators with data-driven insights to enhance conservation strategies, safeguard 

freshwater ecosystems, and support the sustainable management of water resources, aligning with 

global sustainability goals such as UN SDG 6. 

2. LITERATURE SURVEY 

Traditional water quality monitoring methods, which rely on manual sampling and laboratory 

analysis, are inherently limited by low timeliness and insufficient spatiotemporal resolution [12]. With 

recent technological advancements, IoT-based sensors now facilitate continuous monitoring of 

various physical, chemical, and biological water quality parameters, transmitting data in real time to 

support more responsive and data-driven water management However, sensor data remains vulnerable 

to environmental disturbances, fluctuating hydrological conditions, and technical issues such as drift, 

malfunction, and data loss, particularly in complex environments (e.g., underwater or outdoor 

settings), which poses challenges to the accuracy and reliability of monitoring results Integrating AI—

particularly ML algorithms—offers a promising solution to these challenges AI algorithms can 

intelligently process raw sensor data by performing real-time calibration, error correction, anomaly 

detection, and denoising, thereby significantly improving data quality and monitoring accuracy [8]. 

Additionally, AI’s powerful pattern recognition capabilities enable automatic diagnosis of sensor 

faults, self-calibration, and data compensation, thereby enhancing the stability and robustness of 

monitoring systems. The deployment of AI models at sensor terminals (i.e., edge computing) allows 

for localized intelligent analysis of data, reducing transmission delays, improving response speed, and 

granting sensors the ability to adapt to environmental changes and optimize autonomously. This 

collaborative integration of AI, sensors, and IoT not only greatly improves the accuracy, real-time 

performance, and intelligence of water quality monitoring but also effectively compensates for the 

inherent limitations of sensors under complex conditions [16]. summarizes current applications of AI 

algorithms in water quality monitoring, from traditional ML algorithms such as SVM and K-Means to 

DL models like Convolutional Neural Networks (CNN) and Long Short-Term Memory (LSTM). AI 

technology is widely applied in key tasks such as water quality classification, pollutant concentration 

prediction, image-based pollution detection, and equipment fault diagnosis. These systems typically 

integrate IoT platforms with various sensors and combine RS or image data to enable low-cost, real-

time remote data collection. Their significant advantages include high accuracy, real-time monitoring, 

low deployment costs, and strong environmental adaptability. The application fields cover various 

water environments such as drinking water, wastewater treatment, lakes, and aquaculture, 
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significantly promoting the intelligent development of water quality monitoring and laying the 

foundation for building efficient water environment monitoring systems.  

RS technology is particularly valuable for providing large-scale, near-synchronous observations of 

surface water bodies, which is crucial for assessing the overall condition of vast water areas . AI 

algorithms enable efficient analysis of RS imagery, allowing for precise extraction of surface water 

information, and enabling rapid identification of water quality issues such as algal blooms and 

pollution 

3. PROPOSED METHODOLOGY 

The research begins with acquiring a high-quality dataset containing key river water quality 

parameters such as temperature, pH, BOD, COD, and total suspended solids, aimed at predicting 

Dissolved Oxygen (DO) concentration. This dataset, sourced from real-time sensors or trusted 

repositories, undergoes thorough preprocessing involving missing value treatment, outlier detection, 

label encoding, feature correlation analysis, and normalization. Initially, a Linear Regression (LR) 

model is implemented as a benchmark to capture linear relationships between features and DO levels, 

though it shows limitations in modeling complex nonlinear dependencies. To address this, a novel 

hybrid Random Forest Regressor (RFR) is proposed, incorporating a two-level stacked ensemble 

approach enhanced by k-means-based feature clustering and a dynamic feature importance 

reweighting mechanism. This advanced model significantly improves prediction accuracy, achieving 

an R² score of 0.97 compared to 0.71 for the LR model. Performance is evaluated using metrics like 

MAE, MSE, RMSE, and R², confirming the superiority of the RFR. Finally, the trained RFR model is 

tested on new unseen data using the same preprocessing pipeline, demonstrating robust generalization 

and high predictive accuracy, making it suitable for real-world deployment in river water quality 

monitoring systems.  

 

 
Figure 2(a):  Proposed Methodology 
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Figure 2(b) : Proposed System Model. 

Data preprocessing is a critical step in preparing raw data for machine learning models, as real-world 

datasets often contain noise, missing values, and inconsistent formats that can hinder model 

performance. This process involves cleaning and transforming the data to improve model accuracy 

and efficiency. Key tasks include acquiring the dataset, importing necessary libraries, identifying and 

handling missing data (often through imputation techniques), encoding categorical variables into 

numerical formats, and applying feature scaling to maintain consistency across features. One essential 

part of preprocessing is splitting the dataset into a training set and a test set. This division ensures that 

the model learns patterns from the training data and is then evaluated on unseen test data to validate 

its generalization ability. The training set is used to train the model with known outputs, while the test 

set is used to assess its predictive performance on unknown data. Proper dataset splitting prevents 

overfitting and ensures the model performs well not only on training data but also on new, real-world 

inputs. 

Random Forest Regression 

Random Forest is a widely used supervised learning algorithm suitable for both classification and 

regression tasks, based on the ensemble learning principle which combines multiple decision trees to 

enhance model performance and accuracy. It constructs several decision trees from different subsets 

of the dataset and aggregates their results—via majority voting for classification or averaging for 

regression—to deliver more reliable predictions. This ensemble approach reduces overfitting and 

improves model robustness. The algorithm begins by randomly sampling data, building individual 

decision trees on each sample, generating independent outputs, and then combining them for the final 

prediction. Key features of Random Forest include its diversity (as not all features are used in each 

tree), resistance to high dimensionality, ability to train in parallel, and built-in validation due to out-

of-bag data. It assumes that trees have low correlation and that meaningful data exists in feature 

variables for accurate prediction. Random Forest employs bagging, which involves bootstrap 

sampling and aggregation, in contrast to boosting, which builds sequential models to enhance 

performance. The proposed system leverages these strengths and introduces additional enhancements 

such as adaptive feature clustering and dynamic reweighting, making it highly accurate, stable, and 

efficient even with missing values or high-dimensional data. Its parallel nature and reduced risk of 

overfitting make it a powerful solution for real-world environmental prediction tasks. 

. 
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Figure 3: Random Forest algorithm. 

 Database 

A database is a structured collection of data stored electronically, enabling efficient storage, retrieval, 

and management through a Database Management System (DBMS) such as SQLite, MySQL, or 

PostgreSQL. In the SmartRiver: AI-Powered Dissolved Oxygen Monitoring and Prediction project, 

SQLite—a lightweight, file-based relational DBMS—is used due to its simplicity, no-server 

requirement, and seamless integration with Python via the sqlite3 module. The database handles user 

authentication and role-based access control with a primary table named login, which stores user ID, 

username, password, and role (admin or user). The table is created at runtime if not already present, 

and new records are inserted during user registration. Upon login, the system verifies credentials by 

querying the table and redirects users based on their role. Though passwords are stored in plain text 

for demonstration, in real-world applications, hashing would be applied for security. 

4 RESULTS  

 
Figure 4: Count plot to visualize the distribution of values in the "Conductivity (µS/cm)" 
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Figure 5: Distribution plot for distribution of values in the "pH" column  

 

 
Figure 6: illustrating pairwise relationships and distributions of numerical variables in the Dataset 
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Figure 7: Visualizing the correlation matrix of numerical columns in the DataFrame 

 
Figure 8: showcase the R2-Values ("R-squared values") from the Data Frame . 
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Figure 9: features from the Data Frame 

Table 1: Performance comparison of quality metrics obtained using linear regressor (LR) model and 

random forest regressor (RFR) model. 

The performance comparison between the Linear Regression (LR) model and the proposed Random 

Forest Regressor (RFR) model clearly demonstrates the superiority of the RFR approach. The LR 

model, which serves as a baseline, yielded a Mean Absolute Error (MAE) of 0.308565, Mean Squared 

Error (MSE) of 0.187902, Root Mean Squared Error (RMSE) of 0.433477, and an R² Score of 

0.714892, indicating a moderate fit to the data. In contrast, the RFR model significantly outperforms 

LR, achieving a much lower MAE of 0.076527, MSE of 0.020768, RMSE of 0.144113, and a 

remarkably high R² Score of 0.968488. This high R² suggests that the RFR model captures the 

underlying data patterns much more accurately, making it a highly reliable choice for predicting 

Dissolved Oxygen levels in water quality assessments. The results validate the effectiveness of the 

proposed ensemble learning-based approach over traditional linear modeling. 

Table 1 

Model MAE MSE RMSE R2SCORE 

LR model 0.308565   0.187902   0.433477   0.714892 

RFR model 0.076527   0.020768   0.144113   0.968488 

 
Figure 10: compare predicted values with actual values for Existing Linear Regression   
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Figure 11: compare predicted values with actual values for Proposed random forest Regression 

 
Figure 12: Data Frame showing the actual and predicted values side by side. 
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Figure 13: Model Prediction on Test Case 1. 

 
Figure 14: Model Prediction on Test Case 2. 

5.CONCLUSION 

In conclusion, the comprehensive data analysis and machine learning work performed on the water 

quality testing dataset represent a crucial endeavor for understanding and predicting critical aspects of 

water quality, specifically the levels of dissolved oxygen. The work begins with data preparation, 

encompassing data loading and cleaning, where the identification and rectification of missing values 

and duplicates are essential for data integrity. Subsequently, basic visualizations provide an initial 

exploration of the data's distribution and interrelationships among variables. A notable highlight is the 
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correlation analysis, visualized through a heatmap, enabling the identification of significant 

associations between various water quality parameters. The subsequent linear regression analysis, 

focusing on the relationship between pH and other variables, offers valuable insights into the dataset. 

In the machine learning phase, the work splits the data into features and the target variable, followed 

by the training and evaluation of two regression models—linear regression and random forest 

regression. The scatter plots of predicted versus actual values serve as a visual gauge of model 

performance. Furthermore, the creation of the predictions DataFrame facilitates in-depth analysis and 

comparison of model outcomes. Altogether, this work serves as a foundational step in leveraging data-

driven insights to monitor and manage water quality effectively, which is vital for environmental 

preservation and ensuring the availability of clean and safe water resources. 
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