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ABSTRACT

This Study explores the application of Artificial Neural Networks (ANN) to enhance
wastewater treatment processes at Kakira Sugar's Effluent Treatment Plant (ETP). Leveraging
three years of historical data combined with daily monitoring of key operational
parameters—including FlowRate, pH, Total Suspended Solids (TSS), temperature, Total
Dissolved Solids (TDS), and Electrical Conductivity (EC)—the study developed an ANN
model capable of accurately predicting effluent Chemical Oxygen Demand (COD) levels.
The model was constructed using MATLAB’s Neural Network Toolbox and trained with a 5-
fold cross-validation approach, ensuring robust generalizability and minimizing overfitting
through iterative weight adjustments via the Levenberg-Marquardt algorithm. Performance
metrics such as Mean Squared Error (MSE), Root Mean Squared Error (RMSE), and the
coefficient of determination (R?) were used to evaluate the model's accuracy, revealing strong
predictive performance on training data and highlighting areas for improvement in validation
and testing phases. Sensitivity analysis using Monte Carlo Simulation (MCS) further
identified FlowRate, pH, and temperature as the most influential factors affecting COD
predictions. The outcomes of this project underscore the potential of integrating ANN into
wastewater treatment operations, offering a promising tool for real-time process optimization,
regulatory compliance, and enhanced resource management. Future research is recommended
to expand datasets, refine model generalization, and explore hybrid modelling approaches to
further elevate the predictive capabilities and operational efficiency of wastewater treatment

systems.
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List of Abbreviations

ANN: Artificial Neural Network

COD: Chemical Oxygen Demand

BOD - Biological Oxygen Demand

ETP: Effluent Treatment Plant

MSE: Mean Squared Error

RMSE: Root Mean Squared Error

RZ: Coefficient of Determination (R-squared)

ReLU: Rectified Linear Unit



KSL - Kakira Sugar Limited

NEMA — National Environment Management Authority
UASB — Upflow Anaerobic Sludge Blanket

DAP — Di-Ammonium Phosphate

MATLAB: Matrix Laboratory (software used for numerical computing)
pH: Potential of Hydrogen (measure of acidity/alkalinity)
ML: Machine Learning

LM: Levenberg-Marquardt (algorithm used in training ANNS)
MLR: Multiple Linear Regression

SVMs: Support Vector Machines

MCS: Monte Carlo Simulation
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¢ Real-time Implementation and Sensor Integration: Explore the integration of the
developed ANN model with online sensors for key input parameters (FlowRate, pH,
temperature) to enable real-time CODeff prediction and automated alerts at Kakira Sugar
ETP.

o Expansion of Dataset: Continuously update the dataset with new operational data to retrain
and refine the model, improving its accuracy and adaptability to changing plant conditions or
influent characteristics over time.

e Exploration of Hybrid Models: Investigate hybrid modeling approaches (e.g., ANN
combined with fuzzy logic or genetic algorithms) or other machine learning techniques (e.g.,
Support Vector Machines, Random Forests) to potentially further enhance predictive accuracy
or interpretability.

e  Multi-Parameter Prediction: Extend the modeling approach to predict other critical effluent
parameters, such as Biological Oxygen Demand (BOD) or Total Suspended Solids (TSS), for
a more comprehensive ETP performance monitoring system.

o Transferability Assessment: Conduct studies to assess the transferability of the modeling
methodology to other similar industrial ETPs, adapting the model with site-specific data.
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