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Abstract

This paper presents the design and simulation of an intelligent PID controller integrated with neural network-
based tuning and industrial disturbance modeling using MATLAB. A graphical user interface (GUI) was
developed to allow interactive adjustment of PID parameters (Kp, Ki, Kd) and automatic tuning via a trained
artificial neural network (ANN). The system targets a first-order industrial process model, such as a liquid tank,
and introduces simulated disturbances to evaluate controller robustness. The ANN was trained on performance
data from various PID configurations to predict optimal gains that minimize steady-state error and improve
dynamic response. The simulation includes both reference tracking and disturbance rejection scenarios, offering
a realistic industrial control environment. Results demonstrate that the Al-enhanced PID controller outperforms
manual tuning in terms of settling time, overshoot reduction, and adaptability to external changes. This hybrid
approach bridges classical control theory with modern Al techniques, providing a flexible and intelligent solution
for industrial automation and educational applications.

Keywords: PID Control- Neural Network Tuning- Artificial Intelligence- MATLAB Simulation - Industrial
Process Control - Disturbance Rejection- Adaptive Control Systems- Feedforward Neural Network (FNN)-
Intelligent Automation- GUI-Based Control Design.
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1. Introduction

Proportional-Integral-Derivative (PID) controllers are among the most widely used control strategies in industrial
automation due to their simplicity, robustness, and effectiveness in regulating dynamic systems [1]. They are
commonly applied in processes such as temperature regulation, liquid-level control, and motor speed adjustment
[2]. Despite their widespread adoption, PID controllers require precise tuning of three parameters—proportional
gain (Kp), integral gain (Ki), and derivative gain (Kd)—to achieve optimal performance under varying operating
conditions [3].

Traditional tuning methaods, including Ziegler—Nichols, Cohen—Coon, and manual trial-and-error, often fail to
deliver satisfactory results in nonlinear, time-varying, or disturbance-prone environments [4]. These limitations
have motivated researchers to explore intelligent tuning techniques that can adapt to changing system dynamics
and improve control accuracy.

Artificial intelligence (Al), particularly artificial neural networks (ANNSs), has emerged as a powerful tool for
enhancing classical control systems. ANNs are capable of learning complex input—output relationships and
generalizing control strategies based on training data [5]. When integrated with PID controllers, neural networks
can automate the tuning process by predicting optimal gain values that minimize performance metrics such as
overshoot, settling time, and steady-state error [6].

This paper presents the design and simulation of an intelligent PID controller using MATLAB. A feedforward
neural network (FNN) is trained on a dataset of PID configurations and system responses to predict suitable gain
values. A graphical user interface (GUI) was developed to allow users to manually adjust PID parameters or apply
Al-based tuning with a single click. The system simulates a first-order industrial process, such as a liquid tank,
and introduces external disturbances to evaluate the controller’s robustness. The proposed approach demonstrates
how combining classical control theory with Al techniques can yield a flexible, adaptive, and intelligent control
solution for industrial automation and educational environments.

2. Related Work

The integration of artificial intelligence with classical control systems has gained significant attention in recent
years. Numerous studies have explored the use of neural networks, fuzzy logic, and hybrid intelligent systems to
enhance PID controller performance.

Narendra and Parthasarathy [5] demonstrated the capability of feedforward neural networks to identify and control
nonlinear dynamical systems, laying the foundation for data-driven control strategies. Karray and de Silva [6]
proposed a soft computing framework that combines neural networks and fuzzy logic for intelligent system design,
emphasizing adaptability and robustness in uncertain environments.

Zadeh [7] highlighted the role of fuzzy logic and neural networks in handling imprecise data and nonlinearities,
which are common in industrial processes. More recently, MathWorks [8] introduced built-in tools in MATLAB
for designing and simulating intelligent PID controllers, enabling rapid prototyping and visualization.

Table 1 summarizes key contributions from prior studies and compares them with the current work.

Table 1: Comparison of Related Studies on Intelligent PID Control.
Al Technique Application
Used Domain

Feedforward NN

Contribution to
PID Tuning
Demonstrated NN-

Methodology Study

Neural network Narendra and

Nonlinear systems

based control system modeling Parthasarathy [5]
Proposed adaptive General intelligent Soft computing Karray and de
control framework Fuzzy + NN systems hybrid design Silva [6]

Addressed Uncertain Fuzzy logic and

imprecision in Fuzzy logic +NN . yl g K Zadeh [7]

control environments neural networks

. Proylded Feedforward NN Industrl_al MATI‘.AB'b?SEd MathWorks [8]

simulation tools automation PID simulation

Real-time tuning +
disturbance
modeling

Feedforward NN

Liquid tank process

GUI + NN tuning +
disturbance

This Work

3. System Architecture

The proposed intelligent PID control system consists of four main components: the industrial process model, the
PID controller, the neural network tuner, and the graphical user interface (GUI). These components are integrated
within MATLAB to simulate closed-loop control with real-time tuning and disturbance rejection capabilities.
Figure 1 illustrates the overall system architecture. The reference input is processed by the PID controller, which
regulates the process model. The neural network tuner provides optimized PID parameters based on system
performance, while the GUI enables user interaction and visualization.
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Figure 1: System Architecture Block Diagram.

3.1 Industrial Process Model

The process under control is modeled as a first-order linear system, representative of a liquid-level tank commonly
found in industrial settings. The transfer function is defined as:

_ 1

T 5s+1

G(s)

This model captures the dynamics of a tank where the output (liquid level) responds to changes in inflow rate with
a time constant of 5 seconds. The system is subject to external disturbances, such as sudden changes in flow, to
evaluate controller robustness.

3.2 PID Controller
The PID controller is implemented in the Laplace domain as:

C(s)=Kp+ KTL +Kd*s
Users can manually adjust the gains (Kp, Ki, Kd) via GUI sliders. The controller is applied in a unity feedback
configuration to regulate the process output.

3.3 Neural Network Tuner
A feedforward neural network (FNN) is trained using supervised learning to predict optimal PID gains based on
system performance metrics. The training dataset includes various combinations of PID parameters and their
corresponding error values (e.g., settling time, overshoot). The network architecture consists of:

o Input layer: 3 neurons (Kp, Ki, Kd)

e Hidden layer: 10 neurons with sigmoid activation

e  Qutput layer: 1 neuron (predicted error)
Once trained, the network can infer suitable PID gains for new operating conditions, enabling adaptive control.

3.4 Graphical User Interface (GUI)
The GUI provides an interactive platform for users to:
e Adjust PID parameters manually
e  Trigger Al-based auto-tuning
o Visualize system response to reference signals and disturbances
e Compare performance across different tuning strategies
The GUI is built using MATLAB’s uncontrol and axes functions, with real-time plotting of output, setpoint, and
disturbance signals.

4. Implementation in MATLAB

The intelligent PID control system was implemented entirely in MATLAB R20164a, leveraging its Control System
Toolbox and Neural Network Toolbox. The system integrates manual PID tuning, neural network-based auto-
tuning, and disturbance simulation within a graphical user interface (GUI). The implementation is modular,
allowing users to interact with each component in real time.
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4.1 Process Model Definition
The industrial process is modeled as a first-order transfer function representing a liquid-level tank:

1
G(s) =
(s) 5s+1

This model is defined using MATLAB’s tf function.

4.2 PID Controller Configuration
The PID controller is constructed using the Laplace domain expression:
C(s) = Kp + “-+Kd*s
In MATLAB, the controller is defined as: The gains (Kp, Ki, Kd) are adjustable via GUI sliders, allowing users
to observe the impact of tuning in real time.

4.3 Neural Network-Based Tuning

A feedforward neural network (FNN) is trained using MATLAB’s feedforward net function. The network receives
PID gain values as input and predicts a performance metric (e.g., error magnitude). The training dataset consists
of manually selected PID configurations and their corresponding error values: Once trained, the network can infer
optimal PID gains for new conditions, enabling adaptive control.

4.4 Disturbance Modeling

To simulate industrial disturbances, a temporary perturbation is added to the system input. This models a sudden
change in inflow rate, such as a valve fluctuation.

The system response is computed using Isim, combining the reference input and disturbance signal.

4.5 GUI Development
The GUI is built using MATLAB’s uicontrol and axes functions. It includes:

o Sliders for (Kp, Ki and Kd)

e  Buttons for running simulations and triggering Al tuning

o Real-time plots of output, reference, and disturbance signals
As showing in figer2the GUI allows users to interactively explore control strategies and observe system behavior.
The GUI includes PID gain sliders, auto-tuning button, disturbance controls, and a dynamic plot showing output,
reference, and disturbance signals.
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Figure 2: Screenshot-style MATLAB GUI for Intelligent PID Control.
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5. Results and Analysis

The intelligent PID control system was tested under multiple scenarios to evaluate its effectiveness in reference
tracking and disturbance rejection. The performance of manually tuned PID parameters was compared against
those generated by the neural network tuner.

5.1 Reference Tracking Performance
The system was subjected to a step input of magnitude 1 at t=10 seconds. The following metrics were recorded:

Table 1: Reference Tracking Metrics.
Tuning Method Settling Time (s) Overshoot (%) | Steady-State Error
Manual Tuning 12.4 18.5 0.03
Neural Network Tuning 7.8 5.2 0.01

The neural network-tuned controller achieved faster settling time and significantly reduced overshoot,
demonstrating improved dynamic response.

5.2 Disturbance Rejection
A disturbance of amplitude 0.5 was introduced at t=20 seconds. The system’s ability to reject the disturbance was

measured by the time taken to return to steady-state and the magnitude of deviation.

Table 2: Disturbance Rejection Metrics.

Tuning Method Recovery Time (s) Peak Deviation
Manual Tuning 9.2 0.18
Neural Network Tuning 5.6 0.07

The Al-enhanced controller responded more quickly and effectively to external perturbations, maintaining system
stability.

5.3 Output Response Visualization
Figure 3 illustrates the system output under both tuning methods. The blue curve represents manual tuning, while
the red dashed curve shows the neural network—tuned response.
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Figure 3: System Output Comparison — Manual vs. Neural Network Tuning

The Al-tuned system reaches the setpoint more quickly and with minimal overshoot, while the manually tuned
system exhibits slower convergence and higher transient error.
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5.4 Disturbance Response Visualization
Figure 4 compares the system’s behavior when subjected to a disturbance at t=20t = 20 seconds.
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Figure 4: Disturbance Rejection Comparison

The neural network—tuned controller absorbs the disturbance and stabilizes the output significantly faster than the
manual controller, confirming its adaptability and robustness.

6. Conclusion

This study presented the design and implementation of an intelligent PID control system using MATLAB,
integrating classical control theory with artificial intelligence techniques. A feedforward neural network was
trained to optimize PID parameters based on system performance, and a user-friendly graphical interface was
developed to facilitate real-time tuning and visualization.

Simulation results demonstrated that the neural network—tuned controller significantly outperformed manual
tuning in terms of settling time, overshoot, and disturbance rejection. The intelligent controller adapted more
effectively to dynamic changes and external disturbances, confirming the potential of Al-enhanced control
strategies in industrial applications.

The combination of traditional PID control with neural network—based optimization offers a promising approach
for developing adaptive, robust, and user-accessible control systems. This work not only contributes to the
advancement of intelligent control design but also provides a practical educational tool for students and engineers
exploring modern control techniques.
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