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This Bachelor’s thesis explored the function approximation capacity of multi-layer perceptrons (MLPs)
for tuning PI controller parameters when the process can be modelled to a first-order delayed process
and shows varying dynamics with time. Traditional PI tuning rules provide a solid approach to insure a
good initial guess with desired input, but their performance is often limited based on an important ratio
referred to as normalized dead time. A neural network training methodology will be presented that learns
from a comprehensive dataset to identify when each tuning rule is optimal and applies the most suitable

rule accordingly.

The solution proposed focuses on achieving optimal performance-robustness trade-offs across a range
of normalized dead time values, and based on a Matlab analysis it demonstrated good generalization

capacity, though performance varies across different operating regions.



SYMBOLS AND ABBREVIATIONS

Roman symbols

b
C(s)
e(t)
G(s)
GM
K
K
L(s)
M,
M

PM

S(s)
SM
lrise
Iserle
1(s)
T;

u(t)

w

w

bias term

controller transfer function
control error at time t
process transfer function

gain margin [dB]

process gain

proportional gain

loop gain transfer function
maximum sensitivity
maximum complementary sensitivity
phase margin [°]

Laplace operator

sensitivity function

stability margin # time [s]

rise time [s]

settling time [s]
complementary sensitivity function
integral time [s]

control signal at time t

input vector (neural network)
weight vector (neural network)

weighted performance score



y output (neural network)

Greek symbols

¢ activation function

T time constant [s]

7c closed-loop time constant [s]

wpe  gain crossover frequency [rad/s]

wg.  phase crossover frequency [rad/s]

) frequency variable [rad/s]

0 process dead time [s]

Abbreviations

AMIGO Approximate M-constrained Integral Gain Optimization
ANN Artificial Neural Network

BPTT Backpropagation Through Time

DTR Dead-Time Tuning Rule

FOPDT First Order Plus Dead Time

IAE Integral of Absolute Error

IMC Internal Model Control

L-BFGS Limited-memory Broyden—Fletcher—Goldfarb—Shanno

MLP Multi-Layer Perceptron
MPC Model Predictive Control
MSE Mean Squared Error

NN Neural Network

PI Proportional-Integral (controller)



PID

PINN

PINC

PINN

RelLU

RNN

SGD

SIMC

Proportional-Integral-Derivative
Physics-Informed Neural Network
Physics-Informed Net-based Control
Physics-Informed Neural Network
Rectified Linear Unit

Recurrent Neural Network
Stochastic Gradient Descent

Skogestad Internal Model Control
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1 Introduction

The so-called first order plus dead time (FOPDT) process model has long been recognized for
its value in industries as a simple yet effective representation of many dynamic systems.
However, many industrial systems exhibit dynamics that vary with operating conditions,
disturbances, and nonlinearities. Fixed-gain proportional-integral-derivative (PID), or PI-
based, controllers designed using classical tuning rules such as Ziegler—Nichols or Cohen—
Coon often fall short when processes deviate from their nominal behavior (George and
Ganesan, 2022). In contrast, more sophisticated PI tuning rules that provide sufficient
robustness margins, like Skogestad internal model control (SIMC) (Skogestad, 2006), or
approximate M-constrained integral gain optimization (AMIGO) (Astrém and Higglund,

2004), can tolerate larger changes in system parameters.

Over the recent years, neural network-based approaches have emerged as promising
alternatives to fixed-gain controllers. Multiple pioneering works have demonstrated their
capacity to perform both single and multi-objective tuning in various applications, effectively
adapting the controller parameters online to meet the desired performance metrics. For
example, studies on neural tuning methods for systems with FOPDT-like dynamics illustrate
how self-tuning mechanisms can enhance performance under varying operating conditions
(Glushchenko, 2017). In addition, reinforcement learning techniques have also been applied to
adjust PI controller gains dynamically without a reliance on a concrete plant model, thus
overcoming some of the inherent limitations of classical tuning methods (Shipman and

Coetzee, 2019).

Despite these advances, and according to the author’s knowledge, few studies have attempted
to explicitly derive a relation between the FOPDT model and the optimal PI gains using neural
networks. Traditional methods in the literature rely on empirical formulas that link process
parameters directly to controller settings, yet they often neglect the opportunity to leverage
modern supervised learning techniques to better overcome their limitations in processes with
different dynamics. A comprehensive review of classical PID tuning approaches underscores
the need for more adaptive and robust controllers, particularly in processes that display a high

degree of variability (Borase et al., 2021).

Recent research has also focused on enhancing the interpretability in neural network—based
PID tuning schemes; such studies demonstrated that incorporating control theory constraints

within the neural network framework can yield adaptive controllers that not only adjust gains



in real time but also maintain closed-loop stability in the presence of disturbances (Giinther et

al., 2020).

Building on this, optimization-based neural network architectures have been proposed as
practical solutions for achieving robust controller performance while directly mapping process

dynamics into controller parameters (Lee and Jang, 2021).

In this context, this thesis focuses on establishing a neural network based tuning approach for
PI-controller by using clear relationship between the parameters of a linear FOPDT model and
the corresponding PI gains. This will be done with the help of a simple multilayer perceptron
(MLP). By leveraging a firm grasp of classical control theory performance metrics and
selecting the appropriate tuning rules, this approach seeks to train the MLP in a supervised
learning environment to generalize well based on a set of desired performance metrics. The
goal is to train the NN to track the rule with the most optimal trade-off score for each plant. By
integrating classical control design with a basic NN training methodology, this thesis will

propose a way to derive a direct mapping from FOPDT process parameters to optimal PI gains.



2 First order plus dead time process

A first order plus dead time (FOPDT) model presents a fundamental representation of a stable
process; its simple structure makes it suitable for analytical tasks like controller designing and
system analysis. Due to its generality, the FOPDT model is widely used to approximate the
behaviour of various industrial processes. The FOPDT can be modelled through the following

transfer function

G(s) = - e 93, (D

1+s' T

where s is the Laplace operator, K is a process gain, 7 the time constant, and € the process dead
time. It is noted that, notations for the parameters vary based in literature, so for the rest of this

work we will follow this notation for the parameters.

The identification of process parameters is important especially when the process model is not
known and this often gives a starting point for PID control design. Thus, to determine the
transfer function of a FOPDT process, classical approaches rely on the response curve, the so
called 63.2% rule is often employed which is shown in Figure 1. This method is a fundamental
mathematical result from first-order system theory. The 63.2% value comes from solving the
ordinary differential equation presenting the open-loop step response of a first-order process

model.

An important parameter when discussing FOPDTs is the normalized dead time (NDT) as
defined later on in (16), it’s a dimensionless parameter that directly influences on controller
tuning formulas and the robustness margins that can be achieved. In addition, NDT is vital for
developing universally applicable tuning rules that are independent of the absolute process
parameters. Complementing NDT is the gain over lag ratio, defined as K/z, it reflects the
responsiveness of the process and how much the output changes relative to the speed of the
underlying dynamics (Pandey and Majhi, 2017). These two inputs will be crucial in the

simulation phase of this thesis.



In Figure 1, an example of a step response is shown for an example FOPDT model. The figure
also illustrates how key model parameters -gain, time constant and delay- can be estimated

directly from the response curve.

25

= | =
| k5 | g Steady-State Output (K)
18 &
1 E 1 E
2t 4 4 1
I I
I I
I I
| |
! | 63.2% of Final Value
o 157~ *I‘ _________________________ 1
2 I
c
o |
Q |
] I
i i
1F I 1
|
I
: Step Response
: ———— 63.2% Level
051 | ———— 7 (time constant) | -
| ———— 0 (dead time)
I ® 63.2% Point
! K (Steady State)
0 1 1 L 1 1
0 5 10 15 20 25 30 35 40

Time (s)
Figure 1. Example of a step response of FODPT model when K =2.4,0 =3 and 7 = 8.

In practical applications however, many industrial processes do not maintain fixed dynamics
over time. Time-varying process parameters are pretty common, especially in terms of the time
constant 7 and the delay 6. This dynamic behavior presents a significant challenge for fixed-
parameter controllers, as the performance of tuned controller for one set of parameters may
degrade when the process shifts to another operating regime. Accurate and timely identification
of the varying parameters is therefore essential for effective control. In this context, adaptive
control strategies or online parameter estimation schemes are essential. In the present work,
time-varying FOPDT models are used as test cases to assess the ability of a neural network-
based tuning mechanism to generalize across dynamic conditions and provide robust controller

parameters that maintain acceptable performance under delay and gain variability.

2.1 Performance criteria for controller design

This section reviews some of the classical performance metrics that help assess the
effectiveness of the controller, while showcasing the relations between them, usually referred

to as trade-offs.
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In control theory, conventional performance criteria can be divided to two main domains; first,
there are time-domain performance measures that provide a direct insight into the response of
a control system subject to step inputs and disturbances, and frequency domain metrics that
shift focus to how accurately and robustly a controller shapes the system’s frequency response
to disturbances and uncertainties, these determine the trade-offs between performance and

robustness in classical control theory.

The integral of absolute error (IAE) is one of the main metrics in time-domain performance, it
is mathematically defined as the integral from zero to infinity of the absolute value of the

tracking error defined as
IAE = "1 e(t) | dt 2

where e(7) is the difference between setpoint and process output. IAE emphasizes the
cumulative error over the entire response period, it is particularly sensitive to both transient
and steady-state deviations, this provides a scalar metric that quantifies overall performance. It
is important to note that the IAE is often related inversely to the integral gain in PI controllers;
this results in cases where an increase in the integral gain typically reduces steady-state error

and TAE, although this may also lead to deteriorated robustness margins.

Along with integrated error criteria, transient response characteristics like maximum overshoot,
rise time, and settling time are also evaluated because they directly reflect the controller’s
ability to achieve a fast and accurate response without excessive oscillations (Garpinger,

Higglund and Astrém, 2014).

In the frequency-domain, the maximum sensitivity and complementary sensitivity Ms and M,

are key metrics that are fundamental for robustness analysis they can be defined as
| S(iw) | < Mg, | T(iw) | < M, Vo € R* 3)

where S(s) represents the system’s output sensitivity transfer function which defines the
system’s response to disturbances, while 7(s) is complementary sensitivity function that
represents the noise sensitivity with L(s) the loop gain transfer function. In the case of closed

loop control system, these sensitivity functions are defined as

1
1+L(s)

L(s)
1+L(s)

S(s) = ) T(s) = , L(s) = C(s)G(s). 4)
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The relationship between these two functions is inherently interconnected because
improvements in disturbance rejection (achieving a lower maximum sensitivity) can often be
achieved only at the expense of slower dynamic response as reflected in the complementary

sensitivity (Garpinger, Higglund and Astrom, 2014).

Gain and phase margins are other classical measures in the frequency-domain; the gain margin
reflects the factor by which the absolute value of the loop gain L(jw) can be increased before
instability occurs, similarly the phase margin provides information about the robustness of the
closed-loop system against phase variations. Formally, if w,. is the frequency (crossover

frequency) where the closed loop phase is equal to -180°, then

GM = —+— (5)

LGl

and if at wg (crossover frequency) where the loop gain is equal to 1 or (0 dB) then the phase

margin is

PM = 2L(jw,.) + 180°. (6)

The margins are closely related to the sensitivity constraints Ms and M, (Garpinger, Higglund
and Astrom, 2014) state that reasonable ranges for these constraints can be between 1,2 and 2
(lower values for more robust systems), this corresponds to gain margins between 6 and 2

(often considered as the inverse of Ms) and phase margins between 49° and 29°.

The design of a PI controller involves trade-offs between performance (time domain) and
robustness (frequency-domain), in a general sense, aggressive tuning that minimizes the IAE
and similar metrics might speed up the response and reduce settling time, but such tuning can
reduce phase and gain margins, thus compromising robustness against disturbances and model
uncertainties. Conversely, tuning for high phase margins to improve stability often comes at
the expense of a slower transient response and an increased rise time. A balanced approach
employs objective functions that integrate both time-and frequency-domain measures to guide
the controller tuning, these functions are often referred to as tuning rules. This dual-objective
optimization framework can be presented by trade-off curves wherein an improvement in one
metric necessarily results in a degradation of the complementary metric (see (Garpinger,
Higglund and Astrém, 2014)’s trade-off plots where performance is plotted in regard to

maximum sensitivity and controller parameters), and the selection of the optimum tuning
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parameters is achieved via constrained optimization that adheres to prescribed bounds for both

performance and robustness metrics.

2.2 Tuning rules for PI controller

For simplicity’s sake, in this thesis a PI was chosen for the implementation since they present
the most common feedback control system in the PID family. It works by combining the
proportional component (P) for the current error response and the integral component (I) for
adjusting the controller output and eliminate steady-state error. The output of the controller is

defined as
u®) =K, -e(t)+T; [e(t)-dt, (7)

with K, being the controller proportional gain, 7; its integral gain and e(#) the error over time
(it’s the difference between the set point and the actual value). The transfer function for the PI
controller can be obtained by applying the Laplace transform to the time domain equation, and

one of those is

G(s) =Kp-(1+;). (8)

Next, the tuning rules used in the simulations are defined with some general descriptions
regarding their performance. The choice of these tuning rules was based on their sole reliance
on the process parameters unlike ones using empirical methods, this is crucial for the data
preparation part, as it is much simpler to automate contrary to rules such as Ziegler-Nichols or
Cohen Coon that require another empirically extracted metric (ultimate gain and time

constants).
2.2.1 Skogestad’s SIMC Approach

The Skogestad’s internal model control (SIMC) is a simplification of the internal model control
(IMC) framework. This method yields explicit tuning formulas for PI and PID controllers and
is well-suited to first order plus dead-time (FOPDT) processes. The tuning approach is
grounded in IMC design principles but expressed in a straightforward analytical form. The rule

relies on a closed-loop time constant z. to balance between performance (tight control) and
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robustness (smooth control), a very small z. (much less than ) leads to poor robustness (i.e.,
an aggressive controller with lower gain and phase margins), while a larger zc results in a
slower but inherently more robust closed-loop system (Skogestad and Grimholt, 2012). The
SIMC rule for a PI-controlled FOPDT process is formulated as

_1 T
ko=l ©)
T; = min{t,4(7; + 0)}. (10)

The SIMC method is designed to handle load disturbances effectively through integral action

without inducing oscillations, while maintaining solid bounds for the phase and gain margins.

2.2.2 AMIGO method

The approximate M-constrained integral gain optimization (AMIGO) method is another
popular tuning rule that is typically applied to both FOPDT processes and integrating processes.
Its main objective is to determine the PI controller parameters while maximizing the integral
gain, subject to a constraint on the peak of the closed-loop sensitivity function. This closed-
loop sensitivity peak is designed to be around 1.4, which ensures that the gain margin stays
sufficiently high and that the system remains robust in the face of uncertainty. The analytical

tuning rule for controller parameters can be formulated as (Eriksson and Johansson, 2007)

1 T T2
KP_;-(0.15+0.35-3—W), (11)
1312
Ty = (0'35 + ‘EZ+12‘L"9+792) 0. (12)

An important thing to note about the performance of the AMIGO tuning rule based on is that
it greatly benefits from its built-in consideration of normalized dead time; when the ratio is
small (lag dominates), the controller may become overly aggressive, leading to rapid control
action that can precipitate overshoot or even saturate actuators in practice. For processes with
a high normalized dead time (delay dominates), however, AMIGO automatically scales its
controller gains downward and extends the integral time; this adjustment serves to limit the

sensitivity peak and enhance robustness (Eriksson and Johansson, 2007).
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2.2.3 The dead-time tuning rule

The dead-time tuning rule proposed by (J. Smuts, 2010) is specific to delay-dominated
processes where the behaviour of the process is less predictable, this rule links the desired
sensitivity margin SM into the controller gain, a recommended value for the stability margin
is 2<SM < 4. This rule should guarantee robustness with minimal overshoot, when

parameters are defined as follows

0.36

Kp = — (13)

r=1. (14)
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3. Neural networks in control systems

Artificial neural networks (ANNs) are computational models inspired by the structure and
function of biological neurons. The fundamental working principle of an artificial neuron is
illustrated in Figure 2., y denotes the output of the neuron, u are the inputs, w the associated

weights, b the bias term of the neuron, and ¢(-) the activation function.

Figure 2. Model of a single neuron (Reichensdorfer, Giinther and Diepold, 2017)

Each neuron computes a weighted sum of its inputs and applies an activation function like @(-)
to transmit the output to the following neuron while shifting it by a bias, the relation between

the output y of the i-th neuron and the other parameters can be defined as
yi = o awijui + b)), (15)

with N the total number of inputs for this neuron, i the index of the current neuron and j the

index used to sum over all input neurons fed into the i-th neuron.

Neural networks (NNs) training involves adjusting the weights and biases, in order to reduce
the gap between the network's predicted outputs and the actual target values, the relationship
between the two is called a loss function. Gradient-based algorithms like stochastic gradient
descent (SGD) are often used for this optimization. Activation functions, such as the sigmoid,
hyperbolic tangent (tanh), or rectified linear unit (ReLU), enhance the learning ability of neural
networks by adding nonlinearities that allow the network to approximate complex and

nonlinear relationships between inputs and outputs.

In control systems, NN’s capacity to approximate nonlinear functions in real-time have
contributed valuably to controlling complex, nonlinear and delayed processes this was first

proposed by (Werbos, 1990), where he discussed the idea of implementing backpropagation



16

into recurrent neural network (RNN) training, this enabled RNNs to learn temporal
dependencies through weight adjustments based on errors propagated backward through time,
thus the name backpropagation through time (BPTT), this approach facilitated the
implementation of NNs in various domains, including control systems and dynamic modeling,

especially in applications where a system requires constant retuning of its controllers.

In the context of PID controller self-tuning, NNs were used in two main ways. The first way
focuses on using BPTT, to update the weights and biases constantly until achieving the desired
performance objective (either setpoint tracking or disturbance rejection). In contrast, the second
approach leverages NNs as surrogate models that approximate the system dynamics which are
then embedded into multi-objective tuning strategies that enable the optimization of several
performance criteria like rise time, overshoot, energy consumption, and robustness without
requiring an explicit analytical model of the plant. The following sections briefly review
representative applications of neural networks in both single-objective and multi-objective PID

tuning contexts.

3.1 Neural Networks for self-tuning based on a single objective

In (Hernandez-Alvarado et al., 2016), a recurrent neural network (RNN) was trained with
BPTT was proposed for real-time tuning of PID parameters for a remotely operated underwater
vehicle with six degrees of freedom. This control example is depicted in Figure 3. The input
layer of the NN receives seven inputs representing critical state variables of the vehicle, such
as tracking errors, rate-of-change data as well as other characteristics of the system’s status.
This rich input approach allowed the NN to detect subtle changes in the system dynamics which
increased its output precision. The hidden layers pass the data through a weighted sum and
sigmoid activation functions to better distinguish error variations. The output layer maps the
processed information from the hidden layer to produce PID gain adjustments. The application
showcased that with enough input knowledge about the system’s state in real-time, an NN can
predict PID parameters for error handling that reduce mean squared error by nearly 50%

compared to conventional PIDs.
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Figure 3. Auto-tuned PIDNN block diagram (Hernandez-Alvarado et al., 2016)

Although experimentations indicated a significant reduction in tracking errors, the NN-based
tuning lacks a comprehensive analysis of the system’s robustness and convergence, (Lee and
Jang, 2021) argue that the performance of such NN-based tuning methods can be sensitive to
the number of input features as well as the depth of the network. Additionally, it has been
shown that the use of sigmoid functions can saturate large inputs, which could lead to

diminished gradients and slower convergence (Haykin, 2009).

Another adaptive tuning architecture named PIDNN was proposed to control complex systems
with nonlinearities or time delays in (Marino and Neri, 2019). In this approach, the initial PID
gains were determined by the Ziegler—Nichols rule and then refined through a custom
backpropagation algorithm. This algorithm functions by minimizing the error between the
desired and the actual system outputs across successive time-steps. The NN architecture’s
uniqueness is particularly in that it maps the PID structure directly into the network; specific
neurons within the network are dedicated to generating the proportional, integral, and
derivative actions. The resulting recurrent multilayer perceptron (MLP) thus mimics the
behaviour of a conventional PID controller, but with the added advantage of being adaptive.
The block diagram of the approach is shown in Figure 4, where the system to be controlled,

presented by G(s) is interfaced with the PIDNN structure.
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Figure 4: PIDNN with G(s) the system to be controlled (Marino and Neri, 2019)

The PIDNN showcased several noteworthy features. First, since the network is recurrent, it
enabled the inclusion of memory effects into the tuning process, which should improve the
accuracy of modelling dynamic systems. Second, each neuron is assigned distinct learning
rates, weights, and even activation functions, allowing the controller to be finely tuned by
independently adjusting each control component. Empirical comparisons indicated that the
PIDNN outperformed tuning rules like Ziegler—Nichols and extremum seeking in terms of
convergence speed and tracking performance, but some observed limitations were mainly

related to the closed-loop stability and robustness (Marino and Neri, 2019).

To summarize the findings, the reviewed approaches show that “reactive” tuning based on
feedback error demonstrates significant improvements in applications requiring the control of
a single performance metric. Both studies optimized for a sole performance criterion,
(Hernandez-Alvarado et al., 2016) focused on disturbance rejection while (Marino and Neri,
2019) on setpoint tracking, both achieving the desired performance. These strategies can be
particularly advantageous in scenarios where an explicit process is either unavailable or
difficult to derive due to computational cost or high nonlinearities. But an important limitation
that arises from such techniques is their lack of insight into the system’s gain, phase and
disturbance characteristics. And as a result, they cannot guarantee stability margins nor

optimize trade-offs between tracking and disturbance rejection.
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3.2 Parameter estimation routine with neural networks as a part of control

Multilayer perceptron neural networks are a class of feedforward networks that have been
known for their function approximation capacity, the theoretical foundations of this feature
can be referred back to the composition of nonlinear activation functions that enable the
representation of complex mappings between inputs and outputs. According to the universal
approximation theorem, an MLP with a single hidden layer containing a sufficient number of
neurons and using a nonconstant, bounded activation is capable of approximating any

continuous function to any desired level of accuracy on a compact input domain.

MLP neural networks have been widely adopted in control applications due to this universal
approximation capability, which allows them to emulate nonlinear dynamic systems with
arbitrary accuracy given sufficient neurons and representative training data. In the context of
controller tuning, such networks are primarily employed to approximate either the forward
dynamics (plant modelling) or the inverse dynamics (control law synthesis) of a physical

system.

As described by (Hagan, Demuth and Jesus, 2002), a trained neural network can serve as a
plant model, mapping past control inputs and outputs to predict future behavior. This neural
system identifier can be used in conjunction with various control architectures such as model
predictive control (MPC) and its variants in order to enable model-based control design in
settings where first-order modelling is infeasible or insufficiently accurate. The optimization-
based nature of MPC enables the incorporation of multiple (often conflicting) control
objectives, like setpoint tracking, control effort minimization, and robustness to disturbances,

all within a single cost function.

One of the earlier studies to discuss system approximation through order reduction was the
online PID tuning, where they leveraged a feedforward NN structure to approximate a high-
order process into a FOPDT one with similar dynamics, after that, it adjusts the PID controller’s
parameters based on the approximated model’s parameters with a rule-based algorithm (Rad et
al.,2000). An example of closed loop control system is shown in Fig. 5, where neural network
is used to estimate FOPDT parameters based on the error between model and actual system

output. That model is used as part of the online PID control tuning algorithm.
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Figure 5. Structure of the online tuning PID controller proposed by (Rad ef al., 2000), where
NN is used to estimate FOPDT parameters..

The NN model approximation method combined a NN identifier with classical tuning rules to
accommodate nonlinear and time-varying behaviours in processors. It demonstrated a
successful setpoint tracking-based tuning with only a few seconds of response data from a
relatively small sized network, proving that an accurate FOPDT approximation does not
necessarily need massive data sets or deep neural architectures. On the other hand, it is
important to note that the reliance on FOPDT approximations can degrade the control
performance if the plant dynamics are of a significantly higher order. While (Rad ez al., 2000)’s
proposed structure is not relevant to recent advancements in multi-objective tuning, it presents
a fundamental architecture that ease the implementation of tuning rules into controller tuning.
The NN architecture that will be proposed in chapter can directly enhance this architecture by

replacing its tuning algorithm, more of this in later chapters.

The concept of universal function approximation has been further extended with the
development of physics-informed neural networks (PINNs) that can infer solutions to nonlinear
partial differential equations using limited data. PINNs hold significant promise in control
applications, as they can integrate physical laws directly into the learning process. (Antonelo
etal.,2021), proposed a framework that allowed the integration of PINNs into standard control

methods such as model predictive control, this opened up new opportunities for applying
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advanced control strategies in real-world scenarios where it is crucial to understand the

underlying physics. An example of PINN based MPC is depicted in Figure 6.
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Figure 6. Physics-informed net-based control (PINC) connected to a plant (Antonelo ef al.,
2021).

The proposed PINC showed a use of a deep neural network as a black box identifier but rather
as a model-informed decision engine, enabling multi-criteria controller design. The loss
function is in the form of a mean squared error (MSE) which is formed by two components,
the first measures the error between the actual and predicted outputs, and the second one
measures how well the neural network satisfies the physical laws provided. Then optimization
algorithms like Adam or limited-memory Broyden—Fletcher—Goldfarb—Shanno (L-BFGS) are
used to train the network (Antonelo et al., 2021).

This chapter outlined the some of the roles that neural networks play in control systems, with
a focus on controller tuning. It has been seen how NNs enable both model approximation and
adaptive controller design. These examples highlight how neural networks can be embedded
into various control frameworks to address nonlinearities, uncertainty, and even multi-

objective trade-offs.

In the next chapter, the focus will shift from theoretical discussion to practical evaluation.
Specifically, it will be investigated how neural networks can be used to understand and model
performance trade-offs in a PI-controlled FOPDT process, this will serve as a test case for data-

driven interpretation of control quality under varying tuning conditions.
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4. Neural network to tune PI controller for FOPDT system

Based on what have been seen from the literature review, the universal function approximation
capacity of NNs proved useful in controller tuning problems, while they proved sufficient when
the goal is to control a single performance metric, they are mostly used as model approximators

in multi-objective tuning where competing metrics need to be considered.

In that regard, this thesis explores a way of using function approximation to store knowledge
based on tuning rules and leverage it for tuning a range of systems. The problem will be set to
how an MLP can be optimized to tune a PI controller in a closed feedback loop with a FOPDT

process with time-varying dynamics, with a focus on varying delays.

The objective is to assess whether a neural network can effectively select among a set of tuning
rules (or even outperform them) based on the most balanced trade-off achieved between
competing performance criteria (namely performance, robustness and settling and rise times).
The framework is structured to first describe the preparation of the training dataset, which was
constructed by applying the aforementioned tuning rules to representative instances of FOPDT
systems. Subsequently, the methodology for optimizing the architecture and training of the
neural network is detailed, with the aim of achieving generalizable and high-performing tuning

behavior across varying process dynamics.

The neural network structure can be used in similar cases as (Rad et al., 2000)’s solution
mentioned before, where the system updates the gains based on the model changes. Although
not implemented in the present work, a potential deployment scenario is illustrated in Figure
7, this setup exemplifies how the proposed NN can be embedded in a closed-loop control
system with the help of model identification. In this configuration, the controller updates the
PI gains based on the process parameters (K, 7, ) will help make the model generalize based
on the core dynamics of the process rather than changes based on feedback error. These
parameters are assumed to be supplied in real-time by a model identifier that approximates the

current FOPDT process dynamics.
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Figure7. Block diagram of a proposed implementation for the PI prediction NN of a FOPDT

process.

Since the focus of this thesis is mainly on the accuracy and tracking performance of the MLP
model, the model identifier will not be discussed but rather the simulations will assume a
perfect prediction of the model parameters is already present as a start to the simulation phase.
This phase will show how varying a single parameter over time (the delay) while constantly
testing the predictions’ performance with the ones from the tuning rules is a suitable method to
test the performance of such a NN implementation. The simulations will be conducted in
MATLAB, and the main libraries used were the control system toolbox for transfer function
modelling, feedback system construction, and frequency/time-domain analysis, and the Deep
Learning Toolbox for training and deploying the feedforward neural network with Bayesian

regularization.

4.1 Benchmarking of tuning rules

The chosen tuning rules that will be embedded into the NN training are SIMC for tight control
(e = 6), the AMIGO method and the dead-time dominant tuning rule (DTR). These were chosen
based on a desired is a servo-like response (fastest settling time with minimal overshoot) with
considerations regarding the system’s robustness. These rules offer balanced performance for
different ranges of normalized time delay while also only depending on the process parameters

making them easy to compute in large samples.

The choice of these rules came after a benchmark over a range of process dynamics, simulations
were conducted on a FOPDT system with fixed gain K and time constant z, while the dead time

6 was varied to cover a wide spectrum of NDT values defined as

NDT = > | (16)

0+t
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this is a critical metric in PI controller tuning because it captures the relative influence of
process delay compared to the combined process dynamics, and many tuning rules were

explicitly developed with respect to this ratio.

A weighted score is proposed to capture how the tuning rules affect the closed-loop response,

based on normalized time delay, it is defined as

PE 40,3 SMMax +0,15 - settte (17)

IAEmax GM triseMax tsettleMax

W _ O 4- 0,15 trise
- Y

where the performance metrics are normalized by the maximum value in each iteration and
multiplied by a weight reflecting the importance of that specific metric, since the performance
metrics have different units and magnitudes, this is a standard practice that allows to have a
linear score where the lowest scores directly reflects a better performance. The weight
combination chosen aligns with the desired output previously stated. The gain margin GM
extracted from the bode plot of the closed-loop, the inverse is taken to align with the score
principle of the lower the score the better. To continue with #ise and #sewie are the rise and settling
times. An important thing to not here is that while phase margin is an important metric, step
input tests in MATLAB showed that in some cases it can give infinite values for some methods
(mainly SIMC and AMIGO) values which would affect the accuracy of the score especially
when simulating a large set of closed-loop systems. The weighted score can further improved
with other metrics for both robustness and time-domain performance , for example the other
performance metric like the integral time absolute error, or the integral squared error,
maximum sensitivity and complementary sensitivity can give direct insight into the system’s
disturbance rejection and sensitivity to noise, or the disk margin which accounts for

simultaneous gain and phase variations.

While this score equation does not necessarily bound or constrain any metric, it assumes the
metrics as losses compared to the worst case scenario, this assures that optimal performance is

defined as the rule who is the farthest away from the worst performance.

To evaluate the performance of each tuning method, closed-loop simulations were conducted

over a fixed time horizon. For each simulation, the process gain K and time constant T were
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held constant, while the dead time was systematically increased across a predefined range to
represent different normalized dead times. At each dead time value, the PI controller parameters

were calculated with SIMC, AMIGO and DTR.

The closed-loop system response to a unit step setpoint change was then simulated, and the
time-domain and transient performance metrics using MATLAB'’s stepinfo; IAE was calculated
as the time integral of the absolute difference between the step reference input and the system
output, fise was defined as the interval for the system output to rise from 10% to 90% of its
steady-state value following a step input, and #sete the duration until the output remained within
a £2% band of the final steady-state value. The robustness of each closed-loop system was
assessed via gain margin calculations derived from the frequency response (Bode plot). These
metrics were used to quantitatively compare controller performance across the entire range of

process dead times.

In Figure 8, the results of the performance metrics provided for different tuning rules are shown

as a function of normalized dead time.
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Figure 8. Comparison of tuning rules based on normalized dead time for K =7, 7= 8 and 6 in

the range [0,5 ; 50].

The results indicate that all three tuning rules provided a stable gain margin throughout the

whole simulation, but a significant decrease in performance can be noticed with large ranges
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of normalized time delay, especially for processes with a ratio over 0,7. For this specific plant,
SIMC seems to have the lowest settling time up until 0,75 where it falls behind the other
methods, it also provides a stable gain margin of around 2,22 dB throughout the whole
simulation. The DTR rule seems to outperform in ranges over 0,75 with lower rise and response
times and an increase in robustness over time, but it seems to struggle for small ranges of the
ratio, showing a poor performance in lag-dominated processes. While AMIGO did not
outperform in this specific example, its robust design makes it very important for processes

with large gains where the signal is more sensitive to changes.

4.2 Data preparation

To develop the neural network for PI controller parameter selection, a training dataset was
systematically generated using MATLAB. The data generation process involved creating
10,000 random FOPDT process samples with parameters uniformly distributed across realistic
industrial ranges: process gain K from 0.1 to 30, time constant 7 from 0.05 to 30 seconds, and
dead time @ from 0.05 to 60 seconds, the big dead time range will ensure accounting cases of

delay-dominated processes.

For each generated process sample, the tuning rules were implemented, with the performance
of each of them assessed through a closed-loop step response simulation similarly to the
benchmarking procedure. The optimal PI parameters for each process sample were determined
by selecting the tuning method that achieved the lowest composite score (17). This ensures that
the training data presents the best achievable performance for each process configuration. The
resulting dataset contained process parameters, normalized dead time, the K/ z ratio, the chosen
controller parameters, and the minimum and maximum values of each of the inputs and outputs

to normalize the NN predictions with.

On another note, while a uniform sampling across various ranges of the ratios was tried, a
dataset with randomized parameter generation have proven to insure the best results. Figure 9

presents the optimal rule choice based on different ranges of NDT.
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Figure 9. Sample distribution based on normalized dead time.

4.3 Neural network training and optimization

The chosen structure can be considered a deep neural network and it comprises of four hidden
layers, with layer sizes 20, 20, 20 and 10 neurons, respectively. It is important to note that
different hidden layer structures were tried with varying complexities (20-10, 20-20-20, 40-30-
20-10 to mention a few) and this one was able to generalize the best with a relatively short

training time.

The Bayesian regularization training algorithm (#rainbr() in Matlab) was selected for its
superior ability to prevent overfitting while maintaining excellent generalization performance.
Unlike traditional backpropagation methods, it optimizes an objective function that combines
training error with weight regularization, this help determine automatically the optimal balance
to achieve smooth function approximation suitable for controller tuning applications. Figure
10 shows the NN structure and activation functions used within the train command (hyperbolic

tangent sigmoid for the hidden layers and a rectified linear unit for the output).

Figure 10. Structure of the trained neural network.

L

Matlab’s trainbr() function proved highly effective from the initial implementation, its built-in
activation functions and weight initialization schemes worked seamlessly with the chosen

network architecture. This eliminated the need for extensive hyperparameter tuning or
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activation function selection, allowing focus on the main issue, which is the input that will be

fed to the NN.

4.4 Results comparison and analysis

This section will present the results of the NN training with different inputs, the first one based
solely on the FOPDT process parameters, and the second with the additional inputs that proved

to help the generalization capacity of the NN across multiple values.

Figure 11 presents how well the NN trained on the dataset with three inputs follows the rules

provided earlier.
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Figure 11. Performance of the three input NN tuner with only the process parameters as input.

It can be seen in Figure 11 that the three input NN tuner performed well until reaching the

higher areas of normalized dead time where the outperforming rule changed, the rise and
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response times in these areas were significantly affected in comparison to tuning rules with
shaky non stable gain margins, overall there was an obvious struggle to smoothly transition
from a rule to the other, this can be explained by the lack of input regarding plant parameters.
In the next example, shown in Figure 12, next it is explored how the NN tuner will perform
with more inputs. To be more specific, in this example the NN is trained with additional inputs,

so that the K, 7, and 6, NDT and the K/t ratio are considered.
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Figures 12. Performance comparison of the five input NN tuner trained with K, 7, 8, NDT and

the K/r ratio.

Based on the rule comparison results in Fig. 12 it is seen that the normalized dead time is a
crucial ratio that can explain a lot about the system’s behavior, and adding this ratio as the 4
input improved the performance of the NN but still showed some instability in the transition
areas especially for processes with large gains, which is why the 5" input was applied (K/z
ratio), this would help the NN assess how aggressive the process is and link it to what tuning

rule should be used. Basing on the observations made, this additional input helped the NN
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understand the underlying dynamics between the FODPT parameters and the suitable controller
gains. When looking at Figure 12 it is seen that minor performance degradation can be seen in
the transition area from the total weighted score, but from other metrics it can be clearly seen
that the network always tries to follow a rule to make sure its performance is at least similar to
the least performing rule. The possible explanation to why the network does not follow the
training logic in transition areas is the limitations of the weighted score function used for
sample generation; the main difficulty in tuning delayed processes is that the delay can cause
phase shifts which would affect our system’s phase margin, this margin mainly reflects the
system’s stability and is not easy to interpret in a linear way unless through constraints on the

sensitivity function.

To further test the NN in processes with different dynamics, Figure 13 showcases the
performance plots for other FOPDT processes.
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Figure 13. NN performance comparison with different processes, respectively from top left

K=2and =5, topright K=12 and 7= 2, bottom left K =2 and 7 =5, and bottom left K =23,5
and 7= 17.,6.
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The figure above shows some main limitations of the model, it can be seen that the gain changes
do not affect the NN’s performance as much as the lag and delay do, for relatively small lags
(less than 5s), the NN fails to track the performing rule in less than 0,7 NDT regions, while it
does not have this issue for other process combinations (large gains and lags, or small gains
and large lags). To summarize the results, the simulations confirmed that suitable inputs help
the improve generalization of the NN significantly, although some regions are less performing

than other, the NN learned to constrain its outputs to rules from the training data.
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5 Conclusions

This thesis investigated MLPs for automating rule-based PI controller tuning in FOPDT
processes. NNs successfully learned a relationship between process parameters and optimal
controller settings in a specific range using a modest dataset. The proposed five-input
architecture showed to have outperformed simpler configurations, demonstrating the

importance of feature engineering.

However, the network showed some inconsistencies in performance in some ranges, especially
in transition regions where the outperforming rule changes and processes with small time
constants. This may suggest that the basic MLP architecture may lack the capacity to model
more intricate dependencies. Which open the way to more advanced NN architectures and
training strategies to be implemented into this specific problem. Alternatively, the problem
may be reformulated as a classification task rather than a regression task to improve the

interpretability.

The modular design of the framework enabled an amount of flexibility in defining control
performance through a weighted scoring function. Although the study focused on three well-
established tuning methods, the promising results proved that the approach could be extended
to include additional tuning strategies, for alternative performance objectives, or application-

specific constraints.

Due its sole-dependency on process parameters, this NN-based tuning approach holds
considerable potential for integration into more sophisticated control strategies, especially
model-based ones where the system can approximated to lower order models. The ability to
provide good initial parameter estimates for linear control problems with varying dynamics
makes it particularly valuable for advanced control frameworks such as model predictive

control or adaptive control systems.
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