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Abstract:

The clarification process in sugarcane juice refining is crucial for ensuring high-quality sugar production. This
study explores the implementation of Fuzzy Neural Networks (FNN) combined with Genetic Algorithms
(GA) and Particle Swarm Optimization (PSO) to regulate the pH value during sugarcane juice clarification.
Traditional pH control methods in sugar refineries often struggle with nonlinearities and process variations,
leading to inefficiencies. By integrating intelligent control techniques, this research proposes a robust and
adaptive model that optimizes pH regulation. Experimental results demonstrate that FNN, in conjunction with
GA and PSO, enhances system stability and efficiency. The findings indicate improved response time, reduced
pH deviation, and enhanced sugar quality.

Index Terms - Fuzzy Neural Networks, pH Control, Sugarcane Juice Clarification, Genetic Algorithms,
Particle Swarm Optimization, Sugar Refineries, Intelligent Control, and Process Optimization.

|. INTRODUCTION

The sugar refining process requires precise pH control to enhance clarity and improve sugar quality.
Traditional pH controllers, such as Proportional-Integral-Derivative (PID) systems, struggle to adapt to
process nonlinearities. Recent advancements in artificial intelligence (Al) and evolutionary algorithms have
facilitated the development of intelligent control mechanisms. Fuzzy Neural Networks (FNN) offer a hybrid
approach that integrates the learning capability of neural networks with the rule-based reasoning of fuzzy
logic. This study focuses on optimizing pH control in sugar refineries through FNN and evolutionary
algorithms like Genetic Algorithms (GA) and Particle Swarm Optimization (PSO).

Il. WORKING PROCESS OF SUGARCANE JUICE CLARIFICATION

The sugarcane juice clarification process involves the removal of impurities to enhance sugar quality. The
process typically follows these steps:

Juice Extraction: Crushing sugarcane stalks to extract raw juice.

Heating and pH Adjustment: The juice is heated and treated with lime to adjust the pH.
Flocculation: Impurities are coagulated using clarifying agents.

Sedimentation: The treated juice is allowed to settle, separating clear juice from sediment.
Filtration and Evaporation: The clear juice is filtered and concentrated through evaporation.
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Maintaining the optimal pH level during clarification ensures proper impurity removal and enhances sugar
yield.

Figure 1: Clarifying Process Flow Diagram
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I1l. NEURAL NETWORK MODELING PROCESS
FNN models are developed to regulate the pH level by:

Collecting historical pH data and process parameters.

Training a neural network using input-output data pairs.

Incorporating fuzzy rules for dynamic process adaptation.

Optimizing weights using Genetic Algorithms and Particle Swarm Optimization.
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The neural network learns process variations and adjusts control parameters to maintain optimal pH levels.
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Figure 2: The Neural Computation
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IV. GENETIC ALGORITHMS IN PH CONTROL
Genetic Algorithms (GA) mimic natural selection principles to optimize pH control. The GA process includes:

Initialization with a population of possible control strategies.

Evaluation using a fitness function based on pH deviation minimization.
Selection, crossover, and mutation operations to evolve better control strategies.
Convergence to an optimal solution for pH regulation.

V. Fuzzy Modelling for pH Control

Fuzzy logic provides a linguistic approach to pH regulation, handling uncertainties and process fluctuations.
A fuzzy model consists of:

o Fuzzification: Converting crisp pH values into fuzzy sets.

e Rule Base: Defining fuzzy if-then rules for control decisions.

o Inference Engine: Mapping fuzzy inputs to fuzzy outputs.

o Defuzzification: Converting fuzzy outputs back to crisp control actions.

The integration of FNN with fuzzy control enhances adaptability in varying process conditions.

Figure 3: pH Control in Sugar Refineries
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VI. BASIC PARTICLE SWARM OPTIMIZATION (PSO) ALGORITHM
PSO is a population-based optimization technique inspired by swarm intelligence. It optimizes pH control by:

1. Initializing a swarm of solutions (pH control strategies).
2. Updating particle positions based on individual and global best positions.
3. lteratively improving solutions to achieve minimal pH fluctuation.

VII. RESULTS AND DISCUSSION
Simulation and experimental studies were conducted to evaluate the performance of the proposed FNN-based
pH control system. Key findings include:

e Reduced pH fluctuations compared to conventional PID control.
o Faster response times and minimal overshoot.

o Improved sugar clarity and production efficiency.

e Robust adaptation to varying raw juice conditions.

Figure 4: Modelling Data Output 2-MSE = 0.0131
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Figure 5: Validation MSE = 0.0144
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Figure 6: Fuzzy Modeling Output
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