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Abstract: With the continuous advancement in the field of automatic control, enhancing the
robustness of control systems to ensure their reliable operation under various uncertain
interference factors has become increasingly crucial. Compared to traditional linear control
systems, nonlinear control systems demonstrate superior robustness when confronted with
complex disturbances and can effectively prevent issues such as system overshoot. Neural
networks, as computational models composed of multiple interconnected neurons, exhibit
strong nonlinear modeling capabilities. Consequently, neural networks can be utilized to
enhance nonlinear PID controllers, further improving their adaptability. Besides, neural
networks have self-learning capabilities, and that makes them very suitable for dynamic and
uncertain environments. This work reviews the recent progress of research on the stability of
PID controllers and investigates several control methods for nonlinear systems with their
advantages and disadvantages, considering the neural network improvements. Then, the
application of those controllers in real production scenarios is given in detail. At last, this
paper addresses some current limitations of research in this area and gives some insights into
the future development based on how to advance the research and application of neural
network-enhanced nonlinear PID control algorithms.
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1. Introduction

Currently, Proportional-Integral-Derivative (PID) controllers offer advantages such as fast response
times and low dynamic error, making them widely used in the measurement of pressure and
temperature in industrial production [1]. However, conventional PID controllers face challenges in
maintaining system stability, as they are prone to various interference factors that can result in system
instability, overshoot [2], and difficulty in achieving precise control. Traditional PID algorithms have
immutable parameters, whereas neural network models demand extensive raw data for their training,
neural network-based improvements to PID controllers often lack universality, presenting significant
technical limitations.

Speaking about the stability of nonlinear systems, both domestic and foreign research has generally
been involved in designing new approaches to enhance response time and precision of PID controllers.
However, due to the inherent nonlinear characteristics of these systems, certain challenges remain,
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including but not limited to: 1. Although integrating neural network methodologies into the PID
control algorithm has significantly improved control precision and expanded its applicability across
various models, the initial parameters of the controller are highly sensitive to experimental data [3],
which reduces the robustness of the algorithm. As a result, this sensitivity complicates the tuning
process, making it more difficult to achieve optimal system performance; 2. Training neural network
models requires substantial computational resources and large amounts of raw data, which can pose
challenges in control systems with limited computational capacity.

Given the wide variety of neural networks, this paper provides a comprehensive review of PID
controllers enhanced through neural networks, both domestically and internationally. First, it
summarizes the most widely applied neural network algorithms, highlighting their advantages and
disadvantages. Next, it examines the shortcomings of mainstream algorithms and compiles a
summary of these limitations. On this basis, the paper introduces specific optimization methods for
improving these algorithms, providing valuable references for future research on the integration of
neural networks and control systems.

2.  Introduction to the Principle of the PID Algorithm

PID is a control algorithm based on proportional, integral, and derivative operations. Due to its simple
structure, robust stability, fast adjustment speed, and well-developed theoretical foundation, PID has
been widely applied in the stability control of various systems, such as those regulating temperature,
pressure, and flow. The proportional operation, as the basic control component of the algorithm, is
the core part of the PID algorithm. It reflects the system's error in proportion to the magnitude of the
deviation but is unable to eliminate steady-state errors. The integral operation eliminates the system's
steady-state failures. The integral action's power is time-dependent; unless the steady-state mistake is
removed, the integral effect gets weaker as the time constant increases.

The derivative operation, on the other hand, accelerates the system's response time. It accurately
reflects the rate of change of the system error and promptly introduces corrective actions before the
system error signal escalates significantly, thereby significantly reducing the system's overall reaction
time. The formula for the PID controller is expressed as follows:

u()=K e(k)+K, ) e(n)+K, (o(1d)-(i-1)) (1)

In the PID control formula, u(k) represents the output curve, K, is the proportional gain or scale
coefficient, e(k) represents the error curve, The integral time constant is K;, and Ky is the derivative
time constant.

In control systems, most systems are inherently nonlinear. The state of the system and its output
variables, influenced by external conditions, cannot be accurately described by a linear relationship.
Traditional linearized models struggle to maintain the stability of various system parameters when
large disturbances occur. As a result, these models often fail to provide adequate control performance
in nonlinear environments.

3. Improved nonlinear stability control based on neural network
3.1. PID algorithm enhanced by RBFNN algorithm

In the literature, Radical Basis Function Neural Networks (RBFNN) [4] have been employed to
further improve the PID controller algorithm based on the nonlinear U model [5]. This enhancement
significantly
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Figure 1: Structure diagram of RBFNN. Figure 2: RBF neural network tuning PID
parameter control structure.
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Figure 3: Flow chart of PID control optimization by RBF neural network.

improves the anti-interference capability and control accuracy of the controller, extending its
applicability far beyond that of traditional PID controllers.

The basic principle of the U model mentioned in the literature is to establish a time-varying
relationship between the system's output and control signal, utilizing output feedback signals to
represent a class of nonlinear systems. The U model is highly applicable to nonlinear systems due to
its flexibility and adaptability. This is how it is expressed:

y(z)zzaj(z)uf(z-1)+ej(t) )

In the U model expression, M represents the order of the nonlinear system, y(t) represents the
output of the nonlinear system, and a;(¢) represents the timing coefficient in the nonlinear system
expression.

Radial Basis Function Neural Networks (RBFNN) are a specialized type of feed-forward neural
network that possess the capability to effectively overcome local minima problems and attain rapid
convergence. Figure 3 depicts the structure of an RBFNN, which has three layers. Input layer:
Composed of several sensing units, this layer represents the source node input; Hidden layer: Contains
radial basis neurons that perform nonlinear mapping, transforming low-dimensional, non-linearly
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Figure 4: Error comparison of the two algorithms Figure 5: Output comparison of the two
[6]. algorithms.

separable inputs into a high-dimensional separable space; Output layer: Composed of linear neurons,
this layer performs linear weighting on the information provided by the hidden layer neurons,
outputting the result of the entire neural network.

RBF neural networks often employ the Gaussian function as their basis function, which is
represented as follows:

(x)Zex -M =1,2 (3)
yj P 202 J=1,2...... ,m
J

Where c;represents the output of the j-th hidden layer node, X=(X;.,X,,...... y Kipeurenn X, )7,
i=1,2,...,n, is the input sample vector; C;=(C;;,Cp,...... Cijiperee- ,Cjjn) represents the center vector of
the Gaussian function at the j-th node of the hidden layer; o7 is the normalization parameter of the j-

th node, which determines the scope of the central basis function. The output range of the hidden
node is between 0 and 1, and the distance between the center and the input sample is inversely
proportional to the response of the hidden node.

In the literature, a new nonlinear PID control structure is proposed by combining the U model and
the Radial Basis Function Neural Network (RBFNN). The structure in figure 4 consists of two main
parts: the PID controller and the RBF network. The PID controller is responsible for the direct closed-
loop control of the controlled object, while the RBF network adjusts the PID controller based on
system input information, achieving more stable control. This adjustment demonstrates the self-
learning capability [7] of the neural network. The flowchart of PID control optimization is shown
below. Finally, the designed control algorithm, along with the traditional PID control algorithm, was
rigorously tested using a nonlinear triangular complex function as the input signal, and the
comparative results of this analysis are presented in the accompanying figures.

As seen from figure 6 and 7, the error fluctuation of the RBF-improved control algorithm is smaller,
and the output is more consistent with the input signal. Therefore, the literature conclusively
demonstrates that the RBF-PID controller network exhibits superior performance compared to the
traditional PID controller.

The literature also highlights that the traditional PID controller, optimized using RBF and the U
model as the nonlinear model, significantly improves system stability and control accuracy compared
to the traditional PID controller. These improvements address many ofthe shortcomings of traditional
nonlinear PID controllers. However, during MATLAB simulations, multiple adjustments to the
neural network's parameters, learning rate, and momentum factors were required. This indicates that
the initial system parameters still have a considerable impact on the control model, limiting its
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applicability across different systems. Future study could concentrate on enhancing the control
algorithm's resilience and minimizing its susceptibility to starting settings.
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Figure 7: A BP neural network-integrated PID Figure 8: Step response curves of the two
control system. systems.

3.2. Improved PID algorithm based on BP neural network

In industrial furnace temperature control, the controlled object often exhibits characteristics such as
non-linearity and time variability. In this paper, a PID control method utilizing a Back Propagation
neural network is proposed to enhance the accuracy and stability of the temperature control system.

BP neural networks are multi-layer feed-forward neural networks that are trained utilizing an error
back propagation technique. [9]. They possess powerful nonlinear mapping capabilities and can
adjust weights through the back propagation of errors, allowing the network output to gradually
approach the desired value. By utilizing a BP neural network, the parameters of the PID controller
can be dynamically adjusted in accordance with real-time conditions, thereby optimizing the overall
dynamic performance of the system.

Similar to the RBF neural network mentioned earlier, the BP neural network has three layers: input
hidden and output layers. In this study, the parameters of the neural network were first adjusted based
on the structure and characteristics of the furnace temperature control system, and the network was
trained to develop the controller model. Subsequently, a specific controller was designed using the
PID control parameters obtained from the training process.

The working principle of the system operates as follows: by effectively leveraging the nonlinear
function approximation and robust learning capabilities of the BP neural network, the output neurons
within the BP network are specifically designed to correspond to the three critical parameters, namely
Kp, K, and K4, in the PID controller. These parameters are adjusted dynamically to optimize the
target performance indicators. In this system, #(k) represents the set input, y(k) is the actual output of
the controlled object, u(k) represents the output generated by the PID controller.
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To assess the efficacy of the developed controller, MATLAB simulations were conducted. The
settings for the BP neural network are as follows:

Number of layers: 3

Number of hidden layer: 8

Number of input layer : 3

Number of output layer : 3

Activation function: Sigmoid

Weight initialization algorithm: Gaussian distribution
Network weight update frequency: each iteration

The BP-PID controller and a traditional PID controller were introduced into the system, and a
nonlinear, time-delay induction heating system was used as the controlled object in the simulation
experiments. According to the curve displayed in the accompanying figure, it is evident that the BP-
PID controller boasts a faster response speed compared to the conventional PID controller.
Additionally, when the system attains a steady state, the overshoot generated by the BP-PID controller
is markedly smaller. It can be concluded that the PID control system designed in this paper, based on
the BP neural network, demonstrates excellent robustness and dynamic stability. Even in systems
subject to significant environmental disturbances, the BP-PID controller shows superior performance
and can achieve more accurate control of furnace temperature.

4. Discussion

In recent years, the evolution of neural networks has notably broadened the horizons for research
across various domains. Combining nonlinear PID controllers, known for their robustness and
computational accuracy, with neural networks that possess strong learning capabilities has become a
prominent research direction. However, current nonlinear control algorithms, improved by neural
networks, still exhibit limitations and require adjustments for different control systems. This paper
primarily introduces several recent cases where the combination of nonlinear PID and neural network
algorithms has been applied for system improvements. The advantages and disadvantages of these
approaches, compared to previous improvements, are summarized and analyzed as follows:

A RBF neural network [1] was used to enhance the performance of the controller, allowing for
real-time adjustments based on the system's input information. This yielded a controller that could
have improvement in learning and adaptation capabilities. From the output comparison chart, it is
clear that the PID controller enhanced with the RBF neural network shows smaller error fluctuations
and better alignment to the given input signals. In the process of debugging, however, great changes
had to be effected in the neural network parameters, the learning rate, and the disturbance factors.
This makes it clear that these initial parameters have much to do with system performance. If the
starting values are not correctly set, it may affect the system's true applicability in practice. This could
probably be another study in designing neural networks that are not sensitive to initial parameters,
which would go a step further in enhancing system performance.

A BP neural network was integrated with PID control [2], utilizing the learning capabilities of the
BP neural network to autonomously tune PID parameters. This approach addressed the limitations of
traditional PID controllers when handling the nonlinear, time-varying characteristics of industrial
furnace temperature control. However, one notable shortcoming of the BP neural network is that it
necessitates a considerable and comprehensive amount of historical data for effective training. In
certain scenarios, acquiring sufficient data may be challenging, making it difficult to establish an
effective controller model. Additionally, in complex nonlinear system environments, while the BP
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neural network can adjust parameters automatically [10], its accuracy and response speed may not
always be adequate, potentially impacting overall control effectiveness.

Improved PID controllers based on neural networks can give full play to the learning ability of
neural networks and have obvious advantages in overcoming the deficiencies of traditional PID
control systems facing nonlinear complex environments. The simulation tests for improved PID
controllers and traditional PID controllers were performed for several real-world application
scenarios; it was proved that enhanced PID controllers have better dynamic performance and
robustness. But there is one important obstacle: most of the neural networks are very sensitive to the
starting parameters. Further research could be directed at creating neural networks that are less
sensitive to initial conditions, for further achievement in controller performance. Moreover,
integrating genetic algorithms (GA) [11] and particle swarm optimization (PSO) [12] with neural
networks may enhance the initialization and tuning of PID parameters. Another promising approach
involves using dual neural networks [13] —one to identify system parameters and the other to
optimize PID parameters based on the identified results—potentially mitigating the sensitivity to
initial parameters.

In conclusion, PID controllers improved by neural networks have demonstrated significant
advantages in managing nonlinear, time-varying, and complex systems. Future research could focus
on further optimizing the structure and algorithms of neural networks to address the adaptability
issues of the controller and enhance their overall performance.

5. Conclusion

This paper first introduces the principle of PID algorithm and the advantages of PID controller in
actual industrial production. Then it analyzes the two PID control algorithms based on neural network
improvement that are currently used more: the PID control algorithm based on RBF neural network
improvement and the PID algorithm based on PB improvement. It introduces the control algorithm
principle and the structure of neural network. And it discusses the advantages and current defects of
the two algorithms in actual application environment respectively. The RBF neural network can
adjust the controller in real time according to environmental factors to make the error smaller, but it
is greatly affected by the initial parameters. The BP neural network can handle nonlinear
environments well, but it needs a large amount of historical data to train it to achieve stable control
effects. Finally, the paper summarizes the current PID control algorithms based on neural network
improvement and looks forward to the areas that need to be improved: improving the controller using
neural networks with low sensitivity to parameters using genetic algorithms or designing dual neural
network controllers.
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