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Abstract: This work presents a multi-level hierarchical control strategy to address the problem of complex multi-objective optimization-based
control in real time. Our suggested strategy utilizes evolutionary algorithms to solve the high-level optimization problem, providing a control
policy under which a lower-level control loop handles the dynamics of the control values while respecting both regional and dynamical input
constraints. Moreover, a real-time under-policy prediction phase is developed to absorb the latency of the computationally expensive policy
search phase. The overall strategy is designed to leverage nonlinear systems without the need for further linearization or operating point
approximations. Experimental results on a drum boiler-turbine unit simulation demonstrate the capabilities of our suggested strategy to
steer the system outputs toward desired values with faster convergence compared to traditional methods. The proposed approach shows
significant improvements in control performance, handling complex nonlinear control problems in real time, and providing optimized

and fast control signals to guide the system outputs towards different operating points.
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1. Introduction

Controlling nonlinear dynamic systems with input constraints
poses significant challenges in modern control engineering. Such
challenges are exemplified in systems like thermal power units,
which are essential in converting chemical fuels such as coal, oil,
or gas into electrical energy, and represent a critical component in
modern energy conversion systems [1]. Controlling such units
requires maintaining certain safety limitations and constraints
while simultaneously meeting the fluctuating demands for power,
electricity for example. The operation of thermal power units is
fraught with challenges, particularly due to severe non-linearity
and the intricate coupling of multiple variables. This complexity
often results in performance and stability issues [2]. Controlling
such thermal systems poses significant challenges due to its
inherent non-linearity and the decoupling between its inputs and
outputs [3, 4].

While classic controls are deemed sufficient for most control
problems [5], recent insights suggest model predictive control
(MPC) is versatile enough for almost all scenarios, including
those previously challenging due to limited knowledge or
feasibility [6]. It’s shown in the literature that MPC is vastly
utilized in solving control problems of nonlinear dynamic systems
with constraints, and it’s often accompanied by system
linearization or fuzzification in the neighborhood of operating
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points to make the optimization problem computationally feasible
for real-time implementation. On the other hand, machine learning
(ML) offers “intelligent” controllers that outperform adaptive
controls in handling system nonlinearities and uncertainties [7, 8].
However, implementing these ML controllers in real-time
scenarios can be challenging due to their computational demands [9].

In this work, we introduce a novel hierarchical control
methodology that leverages the harness of evolutionary ML
(EML) to guide a real-time fast control strategy with dynamical
(rate-of-change) constraints. Our proposed strategy is divided into
three phases: Online Under-policy Prediction, Policy Search, and
low-level control. This hierarchical structure helps leveraging the
power of evolutionary algorithms (EAs) to build a control policy
by solving a multi-objective optimization (MOO) problem, in the
Policy Search phase. Under this selected policy, the Online
Under-policy Prediction phase is designed to preempt the latency
encountered in the policy search stage, thereby circumventing
delays in the real-time control mechanism. The low-level control
phase, however, keeps track on the latest updates on the policy to
steer the control signals with respect to their regional and
dynamical constraints. Experimental results on a boiler-turbine
unit system demonstrate the capabilities of our suggested
approach to steer the system outputs towards the desired values
with respect to all input constraints and with minimal drifts from
the balance points. Moreover, our framework can utilize the
nonlinear dynamical equations of the system without the need for
any local approximations or further linearization, with a sampling
time of 0.1 s, allowing for a high degree of accuracy in capturing
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the true nonlinear behavior of the system while ensuring stable and
consistent performance under varying operational conditions.
Finally, our results show the ability to steer the control inputs of a
boiler-turbine system with a sampling period of 0.1 s, even if the
EAs search latency is up to 0.7 s. This last notation indeed
highlights the possibility of having our methodology applied in
real-time control loops.

The remainder of this paper is organized as follows: Section 2
delves into a literature review, laying the groundwork for our
approach. Section 3 articulates our unique problem formulation
and methodology. Section 4 presents a test case on a boiler-
turbine unit. Section 5 shows limitations and future work, while
Section 6 is the conclusion.

2. Literature Review

Boiler-turbine system control has been extensively studied in
the research literature, with a significant focus on system
identification and linearization at nominal operating points,
utilizing deterministic and fuzzy controllers. This task remains
challenging due to the complex dynamics inherent to boiler-
turbine systems, as noted in Wang et al. [10]. For instance, Wu
et al. [11] introduced a fuzzy multi-model MPC approach using
an extended fuzzy Lyapunov function, addressing control at
nominal points through linear matrix inequalities (LMlIs).
Similarly, Wu et al. [12] proposed a hierarchical control structure
based on the Takagi-Sugeno fuzzy model, integrating an optimal
reference governor with a fuzzy model predictive controller to
improve the system’s disturbance rejection and stability.

Further research has aimed to address nonlinear system control
challenges, such as the work in Wang et al. [13], which presented a
robust MPC strategy with bi-level optimization, incorporating
multiple local models for nonlinear dynamics handling.
Meanwhile, Zhao et al. [14] proposed a nonlinear extended
predictive self-adaptive control method, simplifying the cost
function to integer order for easier implementation. Additionally,
Kohler et al. [15] introduced a computationally efficient robust
MPC framework for uncertain nonlinear systems, utilizing online
constructed tubes based on incremental Lyapunov functions to
ensure robust constraint satisfaction and practical asymptotic
stability with minimal computational overhead.

Other approaches like Zhao et al. [16] and Zhao et al. [17]
explored advanced techniques such as recurrent fuzzy neural
networks to model dynamic responses and Galerkin optimization
algorithms for control, demonstrating the continuous evolution of
methods to tackle nonlinear control issues. In parallel, Sanchez
et al. [18] applied a discrete state-feedback controller enhanced by
genetic algorithms (GAs) for LED drivers using a buck converter,
highlighting the potential of GAs in optimizing closed-loop
dynamics through LMIs and evolutionary techniques.

However, the reliance on linearization techniques, such as
Taylor series approximations, presents limitations when trying to
capture the full nonlinear behavior of these systems. As seen in
Yang et al. [19], while linearization can be effective at steady-
state points, identifying piecewise models is necessary for better
system representation across different operational zones. For
example, Lawrynczuk et al. [20] suggested a MPC strategy based
on online linearization of the state-space model at current
operating points, facilitating future control policy determination.
This method, combined with the use of local linearization and
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polytopic uncertain LPV models, enables robust MPC for output-
tracking control. Yet, such approaches still face challenges when
handling the non-linearity inherent in real-world systems,
prompting further exploration of simulation-assisted methods.

Adaptive control methods, including those based on ML, have
shown potential to overcome these limitations. Cornejo Maceda and
Noack [21] discuss the benefits of reduced-order models and local
linearization but also highlight their limitations in robustness and
applicability. In this context, Song et al. [22] proposed an
adaptive MPC for the yaw system of variable-speed wind
turbines, where the control horizon adapts based on predictive
performance, demonstrating enhanced comprehensive performance
over baseline MPC methods. Similarly, Cui et al. [23] developed
a deep-neural-network-based economic MPC for ultrasupercritical
power plants, utilizing deep belief networks to accurately model
system dynamics and ensure closed-loop stability through
embedded predictors.

ML controllers, by framing control as a regression task, offer
more flexibility in adapting to complex dynamics. Wei et al. [24]
introduced an optimal tracking control scheme for boiler-turbine
systems using integral reinforcement learning, achieving faster
convergence compared to traditional MPC methods. Despite the
promise of these methods, challenges such as slow learning rates
and high computational expenses persist, as noted in Noack and
Kwasnicka [25]. Nevertheless, EAs like those in [18] provide
gradual optimization, offering a more robust alternative to
traditional control methods. This naturally leads to the need for
novel approaches that merge traditional control theory with
advanced ML techniques to better handle the nonlinearities and
uncertainties present in boiler-turbine systems. By leveraging the
strengths of both domains, such frameworks can achieve higher
accuracy and stability, ensuring reliable and efficient control
under varying operational conditions.

3. Problem Formulation

3.1. Motivation and preliminary research

Nonlinear MPC (NMPC) combined with EML has been
demonstrated to efficiently control nonlinear systems, as shown in
recent studies [26, 27]. In such framework, the ML controller
solves an optimization problem, searching for a set of future
control values to minimize the error over a future horizon.

However, this process is challenged by the curse of
dimensionality, particularly when dealing with rate-of-change
control constraints. While the optimization problem can identify
the control parameters needed to steer the system toward the
desired state, the search space must be sufficiently large to
account for dependencies between parameters over the future
horizon.

For instance, in a boiler system, the horizon may need to be 10 s
to considerably affect the outcome function or gain to guide the search
strategy. With a control time step of 0.1 s, this results in 100 different
values for each, leading to a search space of [—1, 17’°—a
computationally intensive task to be solved in real time by EML.

3.2. Proposed solution

MPC has been extensively applied in literature for the control of
dynamic systems. MPC necessitates a model of the system dynamics
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along with an optimization strategy. In this work, we proceed under
the assumption that we possess a sufficiently accurate model of the
system dynamics, bypassing the details of the identification process.

Consider a system defined by the following nonlinear
equations:

= F(X(t), U()), 0]
g

Where

1) X(t) € R” represents the state vector of the system at time f,

2) U(t) € R™ denotes the control input vector at time ,

3) Y(t) € R? is the output vector of the system at time ¢,

4) F: R"xR" — R” and g: R" x R" — R? are nonlinear
functions describing the system dynamics and output,
respectively.

To digitalize these dynamic equations, we apply Euler’s
method, which provides an approximate solution to the
differential equations by discretizing time. The discretized version
of the system’s dynamics can be written as:

Xk+1 :Xk+At~.7‘—(Xk, Uk)7 (2)
Vi = g(Xk, Up),

Where

1) Xy, Y., Uy are the discretized states, outputs, and control inputs
at the k-th time step, respectively,
2) At is the time step size.

This discretization allows us to apply MPC by solving an
optimization problem at each time step to determine the optimal
control inputs U over a prediction horizon, subject to the system
dynamics and any constraints.

To formulate the optimization problem, consider a series of
control vectors U = {U,, Uy,...,Uy_, } over the prediction hori-
zon H, where the goal is to minimize the deviation of the system’s

output from a desired trajectory Y¢ = {Y¢, Y¢, ..., Y{_,} The
optimization problem can be expressed as:
H-1 2
U= minJ(U) = > y"HYi -1 3)
i=0
Where
1) UeRHxm

2) j(U) is the cost function to be minimized,

3) y <1 is a damping factor to progressively reduce the weight of
future errors in the cost function,

4) ||Y; — Y¥||> represents the squared norm of the error between the
actual output Y; and the desired output Y¢ at each step i within the
horizon.

The optimization seeks to find the control sequence U that
minimizes the weighted sum of squared output errors over the
horizon, subject to the system dynamics as described by the
discretized equations and any additional constraints on the states
and control inputs.

In this work, we discuss two types of constraints, boundary
constraints in which the value of the control input is limited, and

first-order dynamic constraints where the first-order derivative (the
speed) of every control input is limited.

_fu<u<y,
H(U)f{fMSUSM, @

where U, U, and 1 from R™ represent the lower and upper bounds on
the control inputs, and the absolute value of control derivative,
respectively.

These constraints ensure practical feasibility when applying the
control method to real-world systems. The boundary constraints
(U<U< U) represent actuator saturation limits, while the rate-
of-change constraints (—u <U< p,) ensure smooth transitions,
preventing abrupt control actions that could damage system compo-
nents. For other systems, these limits should be defined based on
physical constraints of the actuators, system safety requirements,
and desired response speed.

Under a proper state-space representation of the control system,
as inherently expressed in Equation (1), we can introduce an
assumption that the system’s evolution follows the Markov
property. This implies that the future state of the system depends
only on the current state and the current control action, not on the
sequence of events that preceded it. Mathematically, this is
expressed as:

P(Xii1 Xk, Ug) = P(Xis |
X07X17--'7Xk’ (5)
UOa Ula"' ’ Uk)7

and similarly, the output at the next time step depends only on the
current state and control input:

P(Yi1 Xk, Up) = P(Yiy|
X07X17"' 7Xk7
Y07 Ylv"'va7
U07 U17"~ ) Uk)7

(6)

These assumptions align the optimization problem with the
principles of a Markov decision process, where the decision-
making at each step k is based solely on the current state X; and aims
to optimize a cumulative cost function, as defined previously. The
Markov property ensures that the system’s dynamics and the optimi-
zation strategy can be effectively modeled and solved using the
framework of MPC, leveraging the current state and control input
to predict and influence future states and outputs.

Figure 1
Timeline of the proposed control strategy
¢ s,
|24 ty tc ‘

3.3. Control strategy

In the context of developing our control strategy, we define the
following terms and parameters:
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1) f;: Sampling Frequency. This represents the frequency at which
the system’s control loop is digitized, with a corresponding sam-
pling period denoted by T, = fl

2) TP: Prediction Phase Time. Denotes the time interval from which
the online prediction phase starts gathering data until making a
prediction, i.e., producing an output.

3) IT: Control Policy. Defined as a set of high-level control recom-
mendations that inform and guide the overarching control
Strategy.

4) T™: Policy Application Time. This denotes the time interval
during which a specific control policy, I, remains applied to
the system.

5) T¢: GA Search Latency. This term refers to the time required for
the GA to identify a suitable policy, in policy search phase, as per
the established search criteria.

Under these assumptions, the control strategy is divided into the
following three main phases:

1) Online Under-policy Prediction Phase: The initial phase, which is
responsible for predicting the system state after a period of time
based on online observations. It works in parallel without
interfering with the control loop.

2) Policy search Phase: The most computationally expensive phase,
responsible for building a policy for the next T”. This phase is
also designed to be performed on parallel, i.e., through multi-
threading or multi-processing.

3) Low-level Control Phase: This phase applies the control policy on
the actual values of control is and responsible for considering all
control constraints including the dynamic ones.

Following the assumptions and categories denoted, Figure 1
shows a timeline of the proposed control strategy. It’s clear that
T™ = TP + T%. Moreover, Policy Search Phase is supposed to start
at time ¢, and end at time f;, based on a specific design that includes
hyperparameters and hardware computational limitations. Therefore,
it takes predictions about the system state at time #,, from the online
prediction phase, to design a policy for the next policy slot T . At
the meanwhile, from ta to tb, and the old policy IT; continues to be
applied in the interval without disturbing or delaying the main con-
trol loop.

3.3.1. Online under-policy prediction phase

This phase is responsible for gathering online observations of
the system dynamics in every policy interval T™ in order to make
predictions about the system state at the end of this interval. Predic-
tion strategies can vary from interpolations to simple ML strategies
reaching online Neural Networks training as function approximators.

Xy =X, = (X, Xpirs-00,X,,) (7)

This phase works on parallel without interfering with the
control loop and is supposed to give a prediction at the end of T?
about the system state after T¢, as expressed in Equation (7). This
prediction Xt‘_ is then fed to the next phase to calculate the control
policy.

3.3.2. Policy search phase

For designing the control policy, we utilize a GA to explore the
space of possible control vectors U, aiming to find those that mini-
mize our multi-objective function J. This function is directly tied to
the system’s performance as defined by the deviation from desired
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output trajectories and incorporates the system dynamics as charac-
terized by the system’s nonlinear equations. Therefore, the goal of
GA search at time KT™ is to find the set of control parameters
U™ that minimize the following function:

2
; ®)

H-1 ’

minj(U™) = Z %

j=0

wk ok
YT -y,

where y € (0, 1) is a damping factor, H is the horizon of the policy
time with respect to the sampling time:

TT[
= H )

here | .] is the ceiling function. an,k and de’k are the output of the
system model with respect to the policy’s high-level dynamic con-
straints and the output reference at time

t =kT7 +jT,. (10)
Finally, we denote as U™ the set of policy control values over the
time interval from kT™ to (k + 1)T™:

Un(k = <U(7)1>k7Ui1vk7"'7UIZfl)' (11)
In this phase, initially we have
Xg* = Xy (12)

is the result from the online prediction phase. is the result from the
online prediction phase. Then, (Y]”k> and <Xf‘k)
0<j<H-1 0<j<H-1

are calculated based on the system dynamics described in

Equation (1), with control values (U”’k

; ) subject to control
0<j<H-1

boundaries limitations only:

U<U™ <0,

; 0<j<H-1

(13)

3.3.3. Pareto front-based path selection

Multi-goal control problems can be discussed in several ways,
varying from scalarization to solving MOO problems. In our
implementation, we choose to develop a MOO framework to
build the Pareto front (PF), then select an optimization path from
the resulted PF based on our current outputs deviation vector from
the desired output vector.

MOO is an approach to problem-solving that involves the
simultaneous optimization of multiple, often competing, objective
functions. In mathematical terms, MOO seeks an optimal vector

X :{xf7xz*7"'ax::}7 (14)
that maximizes or minimizes a set of objective functions
G(X*) = {G,(X*), G, (X*), - -+, Gp(X*)}, (15)

where the vector X* consists of decision variables within the feasible
decision space bounded by
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Xmin S X* S Xmax- (16)

The solution is subject to satisfying a series of constraints, which may
include equalities

i=12,...,p, (17)
and inequalities

g(X*) >0, i=1,2,...,m, (18)
that define the permissible region of solutions, denoted as ®. Each
objective function G; in the vector G(X*) represents a distinct cri-
terion to be optimized, and these criteria are typically non-commen-
surable, highlighting the complexity of the MOO process [28].

The aim is to identify the optimal set of decision variables X*
that yield the best possible outcomes across all objectives, consider-
ing the constraints that limit the feasible solutions. The decision-
making is guided by trade-offs between the different objectives, as
improving one function may lead to the detriment of another. This
necessitates the use of advanced optimization techniques to navigate
the complex solution landscape of MOO problems. Building on the
previously outlined framework of MOO, the concept of Pareto opti-
mality is crucial. This optimality is mathematically represented by a
set of solutions X* for which the corresponding vector of objective
functions G(X*) cannot be improved in any single objective without
causing a trade-off in at least one other.

This state of Pareto optimality can be denoted by the following
condition:

VX* € X, AX €D : GX') < G(X¥) (19)

where X* is an optimal Pareto solution, X’ is any other feasible sol-
ution, and the notation < indicates that X' is strictly better than X*
across all objectives. The set © encompasses all feasible solutions
given the constraints, and X" denotes the set of Pareto solutions.
Therefore, the set X’ can be defined as the following:

X={X"e® :3X' €D :GX) < G(X")}. (20)

The notion of Pareto optimality is essential as it establishes a
framework within which decision-makers can evaluate and choose
solutions that best meet their specific trade-offs and preferences
among multiple objectives. This selection process is often guided
by additional decision-making criteria or strategies, as the PF
typically presents a multitude of equally optimal solutions in the
absence of further preferences or constraints.

Based on the previous discussion, a strategy for selecting a
specific path to guide the system towards PF is essential. In other
words, we need to choose which of the PF points to drive the
system towards according to the current state, or need of the
system. This is equivalent to solving the following optimization
problem:

7(X) = {X; € X : L(6(X;)) <¢(G(X)), VX e X}, (21)

where ¢ is a function representing the priority of minimizing the
objective functions based on their current value.

To give more insights about how PF and MOO can guide the
control strategy we consider the following illustrative example:

Xpg1 = %, + Ty
& = (x, —1)? (22)
gﬁ = (xn)2>

the goal to minimize both g' and g%, with T; = 1and ™ = 4. We con-
sider the initial state x, = —3, and we draw the PF after one policy
time interval. Figure 2(a) shows the PF of updating the system in the
illustrative example with four time steps. We can see that the PF is
the minimum points of G; and Gy, and a set of points that com-
promises between minimizing these two conflicting objective
functions.

The output of this phase, a set of optimized control policy
vectors we refer to it as U™, is then fed into the low-level control
phase for further refinement and application.

Figure 2
Pareto front and guiding the system state of the illustrative
example. (a) Pareto front of the illustrative example. (b) Guiding
the system state to PF
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3.3.4. Low-level control phase

This phase is the main control thread that utilizes the last update
on the policy to design control vectors with respect to all constraints.
The low-level control phase is set to operate in a high sampling rate
without being interrupted by any calculations needed by the other
two phases.

Assume receiving a high-level control vector U™* from the pol-
icy search phase at time kT, then the goal is to design the control
values denoted as:

Uc’k = (U6>k7 U1C7k7 Tty UIC-Ik—1> (23)

to operate within the time interval from kT™ to (k + 1) T™ following
the policy control values with respect to the dynamic and regional
input constraints. These values are said to be calculated iteratively
as the following:

uh = w(U U U U D),

; (24)

where W is the low-level control function and Ujﬁrkl and Ujﬁrkl are the
lower and upper boundaries of the control values at time
kT™ + (j + 1) Ty, respectively, and are calculated as the following:

ek K K
Uiy = U7 +u” - U,

y (25)
= Ut —uT Uk,

¢,k
Ut

to respect the constraints defined in Equation (4).

3.4. Implementation and tuning guide

To apply the proposed control strategy to different systems,
follow these key steps:

1) Define system dynamics

Identify the system’s state-space equations (e.g., nonlinear
differential equations).
Discretize the equations if working in a digital control environment.

2) Set control constraints

Determine boundary constraints (U < U < U) based on actua-
tor limits.

Define rate-of-change constraints (—pu < U < 1) to ensure
smooth transitions and prevent abrupt control actions.

3) Configure the hierarchical framework

Choose an appropriate sampling time (T) that balances control
responsiveness and computational feasibility.

Set the policy interval (T™) based on system dynamics and GA
latency.

4) Tune GA parameters

Population size: Larger values (e.g., 80—100) improve solution
quality but increase computation time.

Number of generations: More generations (e.g., 30-50) enhance
optimization but require more iterations.

5) Run parallel execution

Ensure that policy search (GA) runs asynchronously while the
low-level control executes at high speed.

Validate that the Under-Policy Prediction Phase compensates
for GA search latency.

06

6) Test and adjust

Simulate the system and observe control performance.

If GA search is too slow, reduce population size or shorten the
horizon.

If control actions are unstable, adjust rate-of-change constraints ().

By following these steps, users can adapt the proposed method
to different systems while balancing accuracy and computational
efficiency.

4. Test Case: Drum Boiler-Turbine Unit

Building upon the state of the art, this study explores the
operational dynamics of a drum-type boiler-turbine system, central
to thermal power units. Unlike traditional approaches that
often resort to linearization around fixed points, our approach
embraces the system’s inherent nonlinearities. We focus on a
comprehensive model integrating combustion, steam-water,
control, electrical, and condensing systems, leveraging EML for
dynamic adaptability.

We investigate the established model of a 160 MW boiler-
turbine generator, previously analyzed in literature [29]. This
model encapsulates the quintessential elements of the system,
focusing on the dynamics of steam pressure, electrical power
output, and the thermal-fluid processes.

The governing state equations of the system are outlined as
follows:

& = —0.0018u,x"% + 0.9, — 0.15u5,
%, = (0.073u, — 0.016)x)/® — 0.1x,,
X3 = 141uz — (1.1u, — 0.19)x;.

(26)

The outputs of the system, y1, ,, and y3, are defined in relation to the
state variables x; and x,, along with a combined function of the states
and control inputs, detailed below:

1= X1,
Yo = Xa,

5 = 0.05 (0.13073x3 +100a,, + % - 67.975).

@7)

Here, x1, x,, and x5 signify the steam pressure in the drum, electrical
power output, and fluid density, respectively. The control inputs u;,
u,, and u; correspond to the positioning of valves regulating fuel
flow, steam, and feed-water flow. The level of water in the drum
is indicated by y;. The steam quality ¢, and coefficient a.,, which
are pivotal for computing y;, are given by:

q. = (0.854u, — 0.147)x; + 45.59u,

(28)
—2.514u; — 2.096,

(1 —0.001538x3)(0.8x, — 25.6)
x3(1.0394 — 0.0012304x, )

A, = (29)

In the practical implementation of this model, the capabilities of the
actuators are considered, leading to the establishment of constraints
on the magnitude and rate of change of the control inputs. The
magnitudes are confined within the range:

q: ]"27 37 (30)
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and the rate-of-change constraints are defined as:

—0.007 < 1; <0.007,
—2<i, <2,
—0.05 < i3 < 0.05.

(31

For our control strategy, we choose to define the online under-policy
prediction phase function ® as a simple linear interpolation,
therefore:

X(t)=o(X,,X,) =5 X() - X(t,) +X(t,)  (32)
For the online controller, we choose W to guide the values of control
towards increasing or decreasing within the limited speed based on
the policy as the following:

k -k k Tick gk T
uih = w(Ut Uk T3 U T, D)

_ _ (33)
.k ¢,k .k
= G<G<Uj¥1a Uit Uj+1>’ U, U)
with € being a trimming function, defined as the following:
C(X,A, B) = min(B, max (A, X)), (34)

for X, A, Bfrom R”. This will limit the rate of changes to the allow-
able interval for the provided control values.

We apply our control strategy on the boiler-turbine system on a
simulation model for a simulation time of 2100 s. As in Wang et al.
[29], the initial state of the boiler is:

X = [115,85,402.759]"
U,, = [0.4147,0.7787,0.5436]"
Y, = [115,85,0]"

(35)

The goal in Wang et al. [29] was to balance the system around
Yyf = Y4 Our goal, however, is to assure balance then try balancing
the system around other points. We specifically choose:

[115,85,0], 0 < t < 1000s,
Ye(t) ={ [110,85,0, 1000 < t < 2000s, (36)
[110,60,0], 2000 < ¢ < 3000s.

By formulating three objective functions as the Euclidean distance
between the desired value and the current value of each output,
we use NSGA-II [30], that uses non-dominated sorting to get the
PF. After which, we design our PF-based path selection function
as the following:

t(X) = %S(%f(xf(‘)(? G2)7G3)7G1)7 (37)
where X, (A, f), with A a finite set and f is an evaluation function, is
the set of values B C A for which:

Vx € B, |f(x) — f(x*)] <&. (38)

with x* defined as:
x* = (x* € A) A (f(x*) < f(x), Vx € A). (39)
The subset X(A,f), with Card(A) > 0, can be proven not to be

empty since it has at least one item x*. Conversely, if the final set
7(X) has more than one item, we choose to select any.

In our strategy’s hyperparameters, we set the population size to
80, the number of generations to 40, and the number of offsprings per
generation also to 40. We define the GA search model’s future hori-
zon to be 10. The sampling time (T) is 0.1 s, and the policy interval
(T™) is set to 1 s. We also choose £ = 1 in Equation (38).

These values were selected based on a balance between
computational feasibility and control accuracy. In systems with
limited computing resources, these parameters can be adjusted by
reducing population size or demand at the cost of slightly slower
convergence. Similarly, tuning the prediction horizon can help
optimize performance for real-time constraints.

Building on the setup described, the experimental simulation
took place on a Core-i5 12th generation processor equipped with
32GB of RAM and utilized Ubuntu 22.04 as its operating system.
The development of the simulation model and algorithms was
carried out using the Python programming language. On this
hardware, the machine demonstrated the capability to perform the
GAs policy search in approximately 0.3 seconds. Consequently,
we executed two separate experiments; in the first, the T, interval
was maintained at 0.3 s, as illustrated in Figure 3, and in the second
experiment, the T, interval was extended to 0.7 s, as depicted in
Figure 4. Moreover, Figure 5 shows how the control values (in blue)
are guided by the policy values (in orange) with respect to their
allowed rate of change as in Equation (31).

Results demonstrate the ability of the proposed control strategy
to guide the boiler-turbine system towards the desired output in both
cases. We can notice the small required change of water level u3 along
the control interval. This highlights the possibility to use our strategy
even with slower computational hardware to perform GA search.

Our hierarchical framework is specifically designed to ensure
real-time  feasibility. The under-policy prediction phase
compensates for GA latency, ensuring continuous control without
delays. Additionally, GA-based optimization is executed in
parallel with low-level control, preventing bottlenecks in
execution. While alternative methods like heuristic search or
hybrid GA-local optimization could reduce computational
demands, our results demonstrate that the current approach
already achieves real-time performance within practical constraints.

4.1. Comparison with recent work

Our proposed methodology offers a more general approach to
controlling the boiler-turbine unit without the need for linearization
or operating point approximations, which is a key contribution of our
research. To demonstrate the effectiveness of our approach, we
compare it with existing methods for boiler control.

For this comparison, we selected the method reported in [24],
focusing on load-changing conditions tested by varying the load
from 120 MW to 140 MW. The operating points under a load of
120 MW are given by:

X120 = [137, 120,299.09],

U2 = [0.563,0.868,0.743]". (40)
For a load of 140 MW, the operating points are:
X140 = [148.94, 140.7, 356.3]7 (1)

U140 = [0.648,0.9081, 0.8545]7 .

Table 1 presents the convergence times (in seconds) for different
control variables using the IRL method, MPC method, and our
proposed strategy. The results from [24] demonstrate that our
approach achieves significantly faster convergence across all variables.
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Figure 3
Simulation results for 7, =0.1, 7,,=0.7, T, = 0.3, the output signals of (y,, y», y3) with respect to time in seconds
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Figure 4
Simulation results for 7,=0.1, 7,,= 0.3, T, = 0.7, the output signals of (y;, >, y3) with respect to time in seconds
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Figure 6 illustrates the performance comparison of the different
control strategies under varying load conditions. The figure
complements the tabulated convergence times, providing a visual
representation of the superior efficiency and effectiveness of our
proposed strategy in reducing convergence time and enhancing
control performance of the boiler-turbine unit.

These results highlight the efficiency and effectiveness of our
proposed strategy in reducing convergence time, thereby
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enhancing the control performance of the boiler-turbine unit under
varying load conditions.

5. Limitations and Future Work

The current approach mitigates the computational demands of
GA search through a hierarchical structure, parallel execution, and
predictive modeling. The Online Under-policy Prediction Phase
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Control variable IRL method MPC method Proposed strategy
Drum Pressure 335 380 150
Water Level 287 195 55
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reduces unnecessary search space exploration, while the parallelized
GA execution ensures that policy search does not interfere with the
real-time control loop. Additionally, low-level control smoothing
prevents excessive fluctuations in control inputs, reducing the
computational load.

However, real-time applications with stricter timing constraints
may still pose challenges. Future enhancements could focus on:

1) Adaptive horizon adjustment: Dynamically adjusting the GA
prediction horizon based on system conditions to optimize
speed vs. accuracy trade-offs.

2) Efficient population management: Reducing unnecessary GA
iterations by reusing prior solutions (e.g., warm-starting the
GA with previous optimal policies).

3) Embedded system deployment: Evaluating the feasibility of this
approach on resource-limited platforms such as microcontrollers
or FPGAs, testing how well the framework scales under real-
world conditions.

6. Conclusion

Our study introduces a multi-level hierarchical control strategy
that effectively tackles complex, real-time MOO challenges in
nonlinear systems through the use of EAs. This strategy integrates
a high-level optimization problem solution with a dynamic lower-
level control loop, avoiding linearization or operating point
approximations. Our innovative approach, demonstrated through
simulations on a drum boiler-turbine unit, highlights the strategy’s
capability to deliver optimized, real-time control signals for
various operational goals. The promising results not only
showcase the potential of EAs in refining control strategies for
intricate systems but also open avenues for real-world applications
and future enhancements. This work paves the way for advanced,
adaptive control mechanisms in complex system management,
promising significant advancements in control engineering.
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