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Abstract

This paper addresses experimental PID tuning for DC motor actuators when an accurate
plant model is unavailable or impractical to obtain. Controller tuning is formulated as
a constrained closed-loop optimization process in which each PID gain set is deployed
on the physical system, produces an experimental dataset, and is evaluated through a
performance index. The objective function combines tracking error, control effort, and
control-signal variation, while penalty terms identify and penalize actuator saturation,
excessive overshoot, settling-time violations, steady-state error, and divergent responses.
Candidate controllers are generated using a constrained Gaussian Cross-Entropy Method
and evaluated directly on the physical actuator. The proposed host-embedded architecture
separates two computational time scales: PID execution, encoder processing, and data
acquisition are performed in real time on the embedded platform, whereas population
sampling, candidate ranking, and distribution updates are executed on the host computer
between experiments. Within the reported experimental campaign, the sampling distribu-
tion progressively concentrates toward gain regions associated with lower closed-loop cost
under the prescribed admissibility criteria. The resulting framework provides a structured
and traceable procedure for physical controller deployment, data acquisition, constrained
performance evaluation, and episodic PID retuning without explicit plant identification.
The reported results demonstrate the feasibility of the architecture on the considered plat-
form, without implying comparative superiority, run-to-run statistical convergence, or
analytical closed-loop stability.

Keywords: PID tuning; Cross-Entropy Method; closed-loop experimental learning; data-
driven control; host-embedded architecture; constrained optimization; DC motor actuators;
model-free control

1. Introduction
Proportional–Integral–Derivative (PID) controllers remain widely used in industrial

and embedded control systems because of their simple structure, low computational cost,
and compatibility with resource-constrained hardware [1,2]. Nevertheless, selecting the

Eng 2026, 7, 397 https://doi.org/10.3390/eng7080397

https://crossmark.crossref.org/dialog?doi=10.3390/eng7080397&domain=pdf&date_stamp=2026-08-07
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/eng
https://www.mdpi.com
https://orcid.org/0000-0002-5321-0840
https://orcid.org/0000-0002-7095-9984
https://orcid.org/0000-0001-8076-4008
https://orcid.org/0000-0002-8148-3600
https://orcid.org/0000-0002-8844-8891
https://orcid.org/0000-0002-0955-3002
https://orcid.org/0000-0002-6213-742X
https://orcid.org/0000-0003-2545-4116
https://orcid.org/0000-0003-0743-842X
https://doi.org/10.3390/eng7080397


Eng 2026, 7, 397 2 of 33

proportional, integral, and derivative gains remains a nontrivial problem. Closed-loop
performance can be affected by nonlinear friction, actuator saturation, measurement noise,
uncertain parameters, discrete sampling, quantization, and communication constraints,
particularly when the controller is implemented on a low-cost physical platform.

Model-based tuning methods provide systematic design procedures when an ade-
quate plant representation is available. Internal Model Control tuning relates controller
parameters to an identified process model and prescribed robustness requirements [3].
Relay-based and reduced-order approaches can also derive PID gains from simplified
process dynamics [4]. However, the resulting controller performance depends on the cor-
respondence between the assumed model and the actual plant. Obtaining a sufficiently
accurate model may require dedicated excitation experiments, structural assumptions, and
parameter-estimation procedures. These requirements can become restrictive in embedded
motor-control applications, where nonlinearities, unknown loads, encoder quantization, ac-
tuator limitations, and hardware-dependent effects may reduce the validity of the identified
representation [5,6].

Data-driven controller tuning was developed to reduce the dependence on explicit
plant identification. Iterative Feedback Tuning estimates performance gradients from
closed-loop experiments and updates the controller directly from measured responses [7].
Virtual Reference Feedback Tuning constructs a controller from input–output data and a
desired reference model without identifying a parametric plant representation [8]. Con-
vex data-driven robust control and model-free adaptive formulations have further shown
that controller synthesis can be based on measured trajectories rather than on a predeter-
mined dynamic model [9,10]. These methods differ in their data requirements, controller
parameterizations, auxiliary assumptions, and available stability or robustness guarantees.

Recent research has extended direct PID tuning toward online, one-shot, con-
strained, and experimentally optimized formulations. Zhu et al. [11] developed an
online auto-tuning method for minimum-variance PID control using operational data.
Yonezawa et al. [12] proposed a one-shot data-driven design for fractional-order PID con-
trollers based on a fictitious reference signal, thereby reducing the required number of
experiments. Liu et al. [13] formulated a data-driven optimal PID tuning method for
nonlinear systems while incorporating closed-loop performance and analytical stability
conditions. These contributions demonstrate that tuning PID controllers from measured
data is an established research direction. Consequently, the use of experimental data with-
out explicit plant identification does not, by itself, constitute the principal contribution of
the present work.

Repeated interaction with the controlled system provides an alternative mechanism
for controller improvement. Iterative Learning Control updates the control action from
errors observed over repeated executions of the same task [14]. Extremum-seeking methods
optimize a measurable performance index without requiring an explicit model and have
been applied directly to PID tuning [15–17]. Reinforcement learning similarly formulates
controller improvement through system interaction and performance feedback [18]. Al-
though these approaches provide important foundations for model-free learning, their
implementation on physical embedded systems requires careful consideration of excitation,
experimental duration, computational allocation, safety constraints, and the distinction
between real-time feedback control and parameter adaptation.

Stochastic and population-based algorithms provide additional mechanisms for explor-
ing nonconvex controller-parameter spaces. Evolutionary algorithms have been extensively
investigated in control engineering [19], while simultaneous perturbation methods provide
gradient-free optimization with a reduced number of objective-function evaluations [20].
Swarm-inspired methods have also been applied to nonlinear and multimodal controller-
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tuning problems [21]. Experimental motor-control implementations have combined genetic
optimization with fuzzy PID structures on digital signal processors [22]. More recently,
Massoud and Libby [23] compared evolutionary PID tuning algorithms through simulation
and physical experiments on a pneumatic soft robotic system. Saat et al. [24] incorporated
a safe experimentation dynamics algorithm into a data-driven intelligent PID structure and
evaluated the stochastic variability of the optimization process. These studies demonstrate
the applicability of population-based tuning while also identifying practical trade-offs
involving the number of physical experiments, campaign duration, stochastic repeatability,
constraint handling, and computational distribution.

The Cross-Entropy Method (CEM) is an adaptive stochastic optimization technique
that updates a sampling distribution using the best-performing candidates in each popu-
lation [25,26]. Its use in the present work is not claimed as a new optimization algorithm.
Instead, CEM provides the sampling, ranking, and distribution-update mechanism re-
quired to implement the proposed experimental architecture. The contribution therefore
does not arise from PID control, physical experimentation, or stochastic optimization
considered independently.

Existing studies provide mature solutions for data-driven tuning, iterative optimiza-
tion, and population-based controller search. However, these elements are often de-
scribed separately, while less attention is given to the end-to-end implementation of a
host-embedded process in which every sampled controller is physically deployed, the
requested and applied experimental conditions are recorded, synchronized closed-loop
signals are returned through a structured communication protocol, and performance and
admissibility criteria are evaluated within the same optimization map. The research gap
addressed in this study therefore concerns the formal integration and traceability of the
complete experimental learning process under embedded implementation constraints,
rather than the introduction of another standalone PID optimization algorithm.

Accordingly, the objective of this study is to formulate and experimentally examine a
closed-loop learning architecture for PID tuning in which the controller gains constitute the
decision variables,

K =
[
Kp Ki Kd

]T
, (1)

and every candidate controller produces a physical closed-loop experiment through
the mapping

K 7−→ E(K) 7−→ J(K). (2)

Here, E(K) denotes the dataset acquired after deploying K on the embedded motor
system, whereas J(K) combines tracking error, control effort, control-signal variation,
and penalty terms associated with experimentally defined inadmissibility criteria. This
formulation establishes a direct correspondence among the optimization variables, the
physical experiment, the measured signals, and the resulting performance evaluation.

The penalty terms are used to reject or discourage experimentally undesirable re-
sponses, including excessive saturation, overshoot, settling-time violations, steady-state
error, and divergence. These terms constitute operational safeguards for the experimental
search and should not be interpreted as analytical closed-loop stability conditions. Because
no parametric plant model is employed, the present study does not derive a Lyapunov
certificate, a robust-stability margin, or a general stability guarantee for arbitrary PID gains
and operating conditions.

The proposed architecture separates two computational time scales. The PID con-
troller is executed deterministically on the embedded processor at a fixed sampling period,
whereas population sampling, candidate ranking, cost evaluation, and distribution adapta-
tion are performed on the host computer between experiments. Consequently, the method
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is intended for experimental commissioning or episodic retuning and is not presented as a
gain-adaptation law operating within each real-time control sample. This computational
partition keeps the stochastic optimizer outside the embedded feedback period while
preserving direct interaction with the physical actuator.

The main contributions of this study are summarized as follows:

• An end-to-end closed-loop experimental formulation that explicitly connects the
PID gain vector, the physical experiment, the acquired dataset, and the constrained
performance index through the mapping

K 7−→ E(K) 7−→ J(K).

• A host-embedded architecture that separates deterministic real-time PID execution
from episodic stochastic optimization, allocating population storage, candidate rank-
ing, and distribution updates to the host computer.

• A traceable experimental protocol that records the requested controller parame-
ters, the values confirmed by the embedded system, the reference and measured
response, the controller command, and the termination state associated with every
candidate evaluation.

• A unified experimental evaluation function that combines tracking error, control effort,
and control-signal variation with explicit penalties for actuator saturation, excessive
overshoot, settling-time violations, steady-state error, and divergent responses.

• A physical implementation on a DC geared-motor actuator that demonstrates
the complete execution of the proposed learning cycle under discrete sampling,
encoder quantization, actuator saturation, serial communication, and embedded
hardware constraints.

The significance of the framework lies in the structured and traceable integration of
controller deployment, data acquisition, constrained evaluation, and stochastic distribution
updating. The contribution is therefore methodological and architectural. It does not rely
on claiming novelty for CEM or experimental PID tuning in isolation.

The experimental results presented in this study correspond to one complete stochastic
optimization campaign. They characterize the internal evolution of the sampling distri-
bution and the performance obtained on the considered physical platform, but they do
not establish run-to-run statistical convergence. Furthermore, no alternative model-free
tuning algorithm is implemented on the same testbed. Therefore, the study does not claim
superiority in convergence speed, control performance, or number of physical experiments.
These limitations delimit the scope of the reported results and motivate repeated campaigns
and controlled comparative experiments as subsequent research directions.

The remainder of this article is organized as follows. Section 2 presents the mathe-
matical formulation of the closed-loop experimental PID tuning problem, including the
experimental mapping, discrete-time PID parameterization, constrained performance in-
dex, and Gaussian Cross-Entropy Method. Section 3 describes the physical DC motor
platform, embedded feedback architecture, operating conditions, serial communication
protocol, and experimental dataset construction. Section 4 details the host-embedded
algorithmic implementation, distinguishing the host-side optimization procedures from
the real-time embedded control and acquisition tasks. Section 5 specifies the nominal
learning campaign, CEM configuration, objective and penalty parameters, and validation
protocol under reference-amplitude variations. Section 6 presents and discusses the within-
campaign evolution of the experimental cost, the sampling distribution, the fixed-controller
validation, the computational and temporal burden, the conceptual positioning relative
to recent data-driven PID approaches, and the limitations of the study. Finally, Section 7

https://doi.org/10.3390/eng7080397

https://doi.org/10.3390/eng7080397


Eng 2026, 7, 397 5 of 33

summarizes the main findings, defines the scope of the contribution, and outlines future
research directions.

2. Mathematical Formulation of Closed-Loop Experimental PID Tuning
The tuning problem is formulated directly from closed-loop experiments conducted

on the physical plant. Each PID gain vector is deployed on the embedded system, produces
an experimental dataset, and is assigned a scalar performance cost without requiring an
explicit analytical model of the motor.

2.1. Problem Formulation and Experimental Mapping

The PID controller is parameterized by the gain vector (1) where Kp, Ki, and Kd are
the proportional, integral, and derivative gains, respectively.

For each candidate K, the physical closed-loop experiment defines the mapping

K −→ E(K), (3)

where the acquired dataset is

E(K) = {t[k], r[k], y[k], u[k]}N−1
k=0 . (4)

Here, t[k] is the sampling instant, r[k] is the angular reference, y[k] is the measured
angular position, u[k] is the bounded controller command, and N is the number of acquired
samples. The complete experimental evaluation is represented by

K −→ E(K) −→ J(K). (5)

The optimal controller is defined as

K⋆ = arg min
K∈K

J(K), (6)

where the admissible gain set is

K =
{

K ∈ R3 : Kmin ≤ K ≤ Kmax

}
. (7)

The inequalities in (7) are interpreted componentwise.

2.2. Discrete-Time PID Parameterization

The tracking error is defined as

e[k] = r[k]− y[k]. (8)

Let Ts denote the fixed sampling period. The candidate integral contribution is com-
puted as

Ĩ[k] = I[k− 1] + KiTse[k]. (9)

The derivative contribution is evaluated through the backward difference of the
tracking error. Before actuator saturation, the controller output is

ũ[k] = Kpe[k] + Ĩ[k] + Kd
e[k]− e[k− 1]

Ts
. (10)

The candidate integral contribution Ĩ[k] is accepted when ũ[k] lies within the actuator
limits or when the tracking error drives the controller away from saturation. Otherwise,
the previous integral contribution is retained.
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The bounded controller command is

u[k] = sat[umin,umax]

(
Kpe[k] + I[k] + Kd

e[k]− e[k− 1]
Ts

)
, (11)

where sat[umin,umax](·) denotes scalar saturation between the actuator limits. When |e[k]| <
edeadband, the embedded controller resets the integral and previous-error states and applies
zero actuation.

2.3. Constrained Performance Index

The experimental cost is decomposed as

J(K) = Jobj(K) + P(K), (12)

where Jobj quantifies nominal closed-loop performance and P penalizes incomplete, diver-
gent, or inadmissible responses.

The objective function is

Jobj = Ts

N−1

∑
k=0

(
wee[k]2 + wuu[k]2 + w∆u∆u[k]2

)
, (13)

where ∆u[0] = 0 and ∆u[k] = u[k]− u[k− 1] for k ≥ 1.
The individual objective components are

Je = Ts

N−1

∑
k=0

e[k]2, (14)

Ju = Ts

N−1

∑
k=0

u[k]2, (15)

and

J∆u = Ts

N−1

∑
k=0

∆u[k]2. (16)

Therefore,
Jobj = we Je + wu Ju + w∆u J∆u. (17)

The penalty function is defined as

P(K) =


Jfail, E(K) is incomplete or contains non-finite data,

Jfail + Py, max
k
|y[k]| > yabs,max,

Psat + PMp + PTset + Pe f , otherwise,

(18)

where the divergence penalty is

Py = λy

(
max

k
|y[k]| − yabs,max

)2
. (19)

The actuator saturation ratio is

ρsat =
1
N

N−1

∑
k=0

I(|u[k]| ≥ usat), (20)

where I(·) denotes the indicator function. The corresponding saturation penalty is
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Psat = λsat max(0, ρsat − ρmax)
2. (21)

The final reference value r f is estimated from the final reference samples. The percent-
age overshoot is

Mp = 100 max

(
0,

ymax − r f

|r f |

)
, (22)

where ymax = maxk y[k]. The corresponding overshoot penalty is

PMp = λMp max
(
0, Mp −Mp,max

)2. (23)

To distinguish the settling time from the sampling period Ts, the settling time is
denoted by Tset. The settling band is defined as

ϵ = β max
(
|r f |, ϵ0

)
, (24)

where β is the relative tolerance and ϵ0 > 0 prevents a zero-width band.
The settling time is

Tset = min
{

t[k] : |y[j]− r f | ≤ ϵ, ∀j ∈ {k, . . . , N − 1}
}

, (25)

with Tset = ∞ when the response does not remain inside the prescribed band.
The corresponding settling-time penalty is

PTset =

Jfail, Tset = ∞,

λTset max(0, Tset − Tset,max)
2, otherwise.

(26)

The final absolute tracking error is estimated as

e f =
1

n f

N−1

∑
k=N−n f

|e[k]|, (27)

where n f is the number of final samples included in the estimate. Its penalty is

Pe f = λe f max
(

0, e f − e f ,max

)2
. (28)

For an experiment containing finite and bounded measurements, the complete
penalty is

P = Psat + PMp + PTset + Pe f . (29)

The penalty terms define experimentally selected admissibility criteria and operational
safeguards for the physical search process. They do not constitute necessary or sufficient
analytical stability conditions for the closed-loop PID system.

2.4. Constrained Gaussian Cross-Entropy Method

The optimization problem in (6) is solved using a Gaussian Cross-Entropy Method
with diagonal covariance, bounded sampling, exponential smoothing, and best-so-far
injection. CEM is adopted as the stochastic search mechanism, whereas the methodological
contribution lies in its integration with the physical experimental mapping in (3).

At generation g, the candidates are sampled according to

K(g)
i ∼ N

(
µ(g), Σ(g)

)
, K(g)

i ∈ K, i = 1, . . . , Np, (30)
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where bounded sampling is implemented through rejection sampling. Componentwise
projection is applied when an interior sample is not obtained within the prescribed number
of attempts.

The covariance matrix is

Σ(g) = diag
(
(σ

(g)
1 )2, (σ(g)

2 )2, (σ(g)
3 )2

)
. (31)

Each candidate is physically evaluated through

K(g)
i −→ E(g)

i −→ J(g)
i , (32)

where
J(g)
i = J

(
K(g)

i

)
. (33)

After ranking the population by increasing cost, the successfully evaluated candidates
within the first Ne positions define the elite set E (g). Its cardinality is denoted by n(g)

e .
When n(g)

e > 0, the elite mean is

µ
(g)
elite =

1

n(g)
e

∑
K∈E (g)

K. (34)

The componentwise elite standard deviation is

σ
(g)
elite =

std
(
E (g)

)
, n(g)

e > 1,

σ(g), n(g)
e = 1.

(35)

The sampling mean is updated as

µ(g+1) = ΠK
[
αµµ(g) +

(
1− αµ

)
µ
(g)
elite

]
, (36)

where ΠK(·) denotes componentwise projection onto the admissible gain set.
The exploration scale is updated as

σ(g+1) = Π[σmin,σmax]

[
ασσ(g) + (1− ασ)σ

(g)
elite

]
. (37)

The lower bound σmin prevents premature collapse of the sampling distribution,
whereas σmax limits excessive exploration. When no successfully evaluated elite candidate
is available, the mean remains unchanged and the exploration scale is expanded before the
next generation.

The best controller found in previous generations is inserted into the next population
whenever a finite best-so-far cost is available. The best controller after generation g is

K(g)
global = arg min

1≤ℓ≤g
1≤i≤Np

J
(

K(ℓ)
i

)
. (38)

2.5. Closed-Loop Experimental Learning Pipeline

Figure 1 summarizes the complete mathematical workflow. A sampled gain vector is
deployed on the physical system, converted into an experimental dataset, evaluated through
the constrained performance index, and used to update the CEM sampling distribution.
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⊤
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Optimization problem

K⋆ = argminK∈K J(K)

subject to Kmin ≤ K ≤ Kmax

Cost decomposition

J(K) = Jobj(K) + P (K)
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+ Pef
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Jobj = weJe + wuJu + w∆uJ∆u
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E
(g)
i → J

(g)
i

J
(g)
i = J(K

(g)
i )
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E(g) = {best Ne candidates}

Closed-loop
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K
(g)
i → E

(g)
i

Sampling

K
(g)
i ∼ N (µ(g),Σ(g))

Distribution update

µ(g+1) = αµµ
(g) + (1 − αµ)µ

(g)
elite

σ(g+1) = ασσ
(g) + (1 − ασ)σ

(g)
elite

Best-so-far controller

K
(g)
global = arg min

K
(ℓ)
i

1≤ℓ≤g

J(K
(ℓ)
i )

elite statistics

candidate gains

experimental data

ranking

Closed-loop learning cycle

Mathematical formulation

Control parameterization

Data / mapping

Optimization / update

Penalty terms / constraints

Learning / sampling process

Figure 1. Closed-loop experimental PID tuning pipeline based on the constrained Gaussian Cross-
Entropy Method.

The iterative process is represented by

K(g)
i −→ E(g)

i −→ J(g)
i −→ E (g) −→

(
µ(g+1), σ(g+1)

)
. (39)

The embedded processor executes the deterministic PID loop during each experiment.
Population generation, cost evaluation, candidate ranking, elite selection, and distribution
updates are performed by the host computer between experiments.

3. Experimental Platform and Data Acquisition
This section describes the physical realization of the mathematical framework intro-

duced in Section 2. The embedded system executes the deterministic PID feedback loop
and records the experimental signals, whereas the host computer configures each run,
stores the acquired dataset, evaluates the controller, and updates the CEM distribution
between experiments.

3.1. Physical Experimental Platform

The experimental setup is shown in Figure 2. It consists of a JGB37-520 DC geared
motor, a DriverCoreM4v1 embedded control module, a regulated DC power supply, and a
host computer connected through a serial interface.
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Figure 2. Physical platform used for experimental PID tuning, composed of a N-Hitech JGB37-520
DC geared motor (N-Hitech Co., Ltd., Gimpo, Republic of Korea), a DriverCoreM4v1 embedded
control module (Oak Robotics, Guadalajara, Jalisco, Mexico), and a regulated DC power supply.

The JGB37-520 motor constitutes the physical plant. No parametric motor model is
used during tuning. Shaft rotation is measured by an incremental encoder and converted
into the angular position signal y[k]. The principal actuator specifications are summarized
in Table 1.

Table 1. Main specifications of the JGB37-520 DC geared motor.

Graphic Parameter Specification

Producto SOLIDWORKS Educational. Solo para uso en la enseñanza.

Motor type Brushed DC motor with gearbox
Rated voltage 12 V
No-load speed 319 rpm
Load speed 255 rpm
No-load current 100 mA
Load current 170 mA
Gear ratio 18.8:1
Stall torque 1.1 kg · cm
Weight Approximately 150 g

JGB37-520 Measurement Incremental encoder

The DriverCoreM4v1 module integrates the ESP32-S3 processor (Espressif Systems
(Shanghai) Co., Ltd., Shanghai, China), the L298N-based actuation stage (STMicroelectron-
ics, Geneva, Switzerland) , and the encoder interface. Although the hardware supports
additional channels and sensors, only the resources directly involved in the single-input
single-output experiment are considered in this study. These resources are listed in Table 2.

https://doi.org/10.3390/eng7080397
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Table 2. DriverCoreM4v1 resources used in the experimental implementation.

Graphic Component Specification

Producto SOLIDWORKS Educational. Solo para uso en la enseñanza.

Microcontroller ESP32-S3, dual-core, up to 240 MHz
Motor driver L298N H-bridge
Actuation PWM and digital direction signal

Encoder interface Quadrature A/B with interrupt
processing

Communication UART/USB serial interface
Input voltage 8.4–12 V
Logic voltage 3.3 V

DriverCoreM4v1 Execution role Feedback control and data
acquisition

3.2. Embedded Feedback Architecture

Figure 3 shows the host-embedded architecture and the physical feedback loop. At
each sampling instant k, the ESP32-S3 acquires the angular position y[k], calculates the error
from the reference r[k], evaluates the PID law, and applies the bounded PWM command
u[k] through the L298N driver. Motor motion is measured by the encoder and returned to
the controller, closing the feedback loop.

ESP32-S3
embedded controller

Kp, Ki, Kd

L298N driver stage

PWM + direction

JGB37-520
DC geared motor

Incremental
encoder

Interrupt-based
pulse processing

Embedded real-time
closed-loop system

Host computer
experiment setup

configuration data logging

u[k]

PWM actuation

shaft motion

encoder pulses

y[k]

Control / software

Physical hardware

Signals / sensing

Figure 3. Host-embedded control architecture. The feedback path formed by the PID controller,
driver, motor, encoder, and measured output y[k] is executed on the embedded platform. The host
computer configures each experiment and processes the returned dataset between runs.

The PID gains defined in (1) are transmitted before each experiment and remain fixed
throughout the run. The embedded processor performs only the time-critical operations:
PID evaluation, encoder processing, actuator saturation, reference generation, sampling,
and data transmission. Population generation, candidate ranking, elite selection, and CEM
updates are performed on the host after the experiment has ended.

This separation ensures that the stochastic optimization process does not operate inside
the sampling period Ts and does not increase the memory or computational requirements
of the embedded feedback loop.
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3.3. Reference Signal and Operating Conditions

Each candidate controller is evaluated using a discrete-time step reference defined
by the amplitude A, the step instant tstep, the experiment duration Tf , and the sampling
period Ts:

r[k] =

0, t[k] < tstep,

A, t[k] ≥ tstep.
(40)

The nominal reference used during the learning campaign is shown in Figure 4.

Figure 4. Parametrized step reference used during the nominal PID tuning experiments.

The encoder count is converted into angular position using the specified counts
per revolution. The controller output is represented by a signed PWM command. Table 3
summarizes the fixed operating conditions and hardware limits applied during the nominal
learning campaign.

Table 3. Operating conditions and physical constraints of the experimental setup.

Quantity Symbol Value

PWM saturation u[k] u[k] ∈ [−255, 255]
PWM resolution – 8-bit
PWM frequency – 1000 Hz
Sampling period Ts 25 ms
Reference amplitude A 90◦ requested
Step time tstep 500 ms
Experiment duration Tf 3000 ms
Encoder resolution CPR 1336 counts/rev
Angular resolution DPP 360/CPR deg/count
Error deadband edeadband 0.5◦

Encoder direction dir −1
Supply voltage Vin 12 V

These conditions remain unchanged while the gain vector K varies. Consequently,
differences among the experimental responses are primarily associated with the evaluated
PID parameters.
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3.4. Serial Protocol and Dataset Construction

Each candidate controller is evaluated through a deterministic transaction between
the host computer and the embedded system. The host transmits the requested gains and
experimental configuration, the embedded controller confirms the applied values, and the
closed-loop signals are returned as synchronized data packets.

Figure 5 shows the acquisition process. The figure distinguishes the physical feedback
path executed by the embedded system from the bidirectional serial communication used
for configuration and data transfer.

Host computer
MATLAB ac-
quisition script

Reference
generator

PID
L298N
driver

DC motor

Encoder

Embedded closed-loop experiment

r[k] u[k]

y[k]

Measured position

RUN(A,Kp,Ki,Kd, tstep, Tf , Ts,CPR, edeadband)

ACK(Areq, Aapplied,Kp,Ki,Kd, tstep,

Tf , Ts,CPR,DPP, edeadband, umin, umax,dir)

DATA(tms, r, y, u)

END(tms)

Experimental dataset
E = {t[k], r[k], y[k], u[k]}N−1

k=0

parsing and storage
Host-side software

Acquired dataset

Figure 5. Experimental acquisition architecture. The embedded system executes the closed-loop feed-
back process and returns the measured dataset to the host through the ACK, DATA, and END messages.

The serial transaction is defined as

RUN(θreq) −→ ACK(θapp) −→ {DATA(tms[k], r[k], y[k], u[k])}N−1
k=0 −→ END(tms[N − 1]). (41)

The requested configuration vector is

θreq =
[

A Kp Ki Kd tstep Tf Ts CPR edeadband

]
. (42)

The configuration confirmed by the embedded system is

θapp =
[
θexp θhw

]
, (43)

where
θexp =

[
Areq Aapplied Kp Ki Kd tstep Tf Ts

]
, (44)

and
θhw =

[
CPR DPP edeadband umin umax dir

]
, (45)

the vector θexp contains the applied reference, PID gains, and timing parameters, whereas
θhw contains the encoder conversion, deadband, actuator limits, and direction convention.

The ACK message allows the requested configuration to be compared with the values
applied by the embedded system. This verification prevents a candidate from being
evaluated under unconfirmed execution conditions.

Each DATA packet contains one sample of the dataset defined in (4). The time coordinate
is reconstructed from the embedded millisecond counter as

t[k] =
tms[k]
1000

. (46)
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The expected number of samples is approximately

N ≈
⌊Tf

Ts

⌋
+ 1. (47)

The actual value of N is obtained from the number of valid DATA packets received. The
END message terminates the acquisition but does not add a sample to the dataset.

Table 4 summarizes the transmitted variables and their role in the communication protocol.

Table 4. Fields used in the experimental serial communication protocol.

Field Description Message Type

A Requested reference amplitude RUN
Kp, Ki, Kd PID gains RUN, ACK
tstep Step activation time RUN, ACK
Tf Experiment duration RUN, ACK
Ts Sampling period RUN, ACK
CPR Encoder counts per revolution RUN, ACK
edeadband Error deadband RUN, ACK
Areq Requested reference amplitude ACK
Aapplied Applied reference amplitude ACK
DPP Degrees-per-pulse conversion ACK
umin, umax PWM saturation limits ACK
dir Encoder direction ACK
tms Embedded timestamp DATA, END
r[k] Reference sample DATA
y[k] Angular-position sample DATA
u[k] Bounded controller command DATA

The host stores the requested configuration, the applied configuration, the acquired
signals, and the original protocol messages for every experiment. This structure provides
traceability between each sampled controller, its physical execution conditions, and the
performance cost subsequently assigned to it.

4. Host-Embedded Algorithmic Implementation
The mathematical framework introduced in Section 2 is implemented through two

computational layers. The host computer manages the experimental campaign, evalu-
ates the acquired datasets, and updates the CEM distribution. The embedded processor
validates the requested configuration, executes the PID feedback law at the prescribed
sampling period, and transmits the measured response.

The CEM operations are not executed inside the embedded control period. Conse-
quently, population storage, candidate ranking, and distribution adaptation do not increase
the computational burden of the real-time PID task.

4.1. Computational Partition and Execution Flow

Figure 6 summarizes the allocation of operations between the host and embedded
layers. For each sampled controller K(g)

i , the host initiates an experiment through the
protocol defined in (41). The embedded platform then executes the closed-loop experiment
and returns the dataset E(g)

i . The host evaluates Jobj, P, and J, stores the resulting history,
and updates the CEM state after the complete population has been evaluated.
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Learning memory
µ(g), σ(g),K⋆

Population sampling

K
(g)
i ∼ N (µ(g), σ(g))

Command packet
RUN

Embedded execution
PID loop and
motor response

Streaming packet
DATA, END

Experimental dataset

E(K
(g)
i )

Performance evaluation
J = Jobj + P

Valid
candidate?

Elite selection

Distribution update
µ(g+1), σ(g+1)

serial

yes

no

Host-side computation
Embedded-side interaction

Host-side process

Embedded execution

Experimental data / streaming

Learning memory

Decision / validation

Communication protocol

Figure 6. Computational partition of the experimental PID tuning framework. Host-side optimization
is performed between physical experiments, whereas feedback control and signal acquisition are
executed on the embedded platform.

Figure 7 presents the sequence of host and embedded procedures. Algorithms 1–4
operate on the host computer. Algorithms 5–7 operate on the embedded controller.

Learning state
µ(g), σ(g),K⋆, H

Host Algorithm 4
Population generation

K
(g)
i

Host Algorithm 1
Experimental

data acquisition

Command transmission
RUN(K

(g)
i )

Experimental dataset

E(K
(g)
i )

Host Algorithm 2
Objective evaluation

Jobj(K
(g)
i )

Host Algorithm 3
Penalty evaluation

P (K
(g)
i )

Total cost
J(K

(g)
i ) = Jobj + P

Population
complete?

Host Algorithm 4
Elite selection and update

µ(g+1), σ(g+1)

Embedded Algorithm 5
Command processing

Embedded Algorithm 6
Real-time PID control loop

Embedded Algorithm 7
Sampling and streaming

Data transmission
DATA, END

Experiment
finished?

yes

no no

yes

Host-side algorithms

Embedded-side algorithms

Host-side algorithm

Embedded-side algorithm

Experimental data / cost

Learning memory

Decision

Serial communication

Figure 7. Interaction among the host-side evaluation procedures, the CEM update, and the embedded
closed-loop execution procedures.

4.2. Host-Side Procedures

The host-side implementation performs four functions: experimental acquisition,
objective evaluation, penalty evaluation, and CEM adaptation. The acquisition procedure
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preserves both the requested and applied configurations so that every cost value remains
traceable to its physical execution conditions.

Algorithm 1 Host-side experimental data acquisition

Require: Experiment configuration c f g, candidate gains K
Ensure: Experimental dataset E(K)

1: Validate the requested configuration
2: Construct the RUN packet using (41)
3: Open and initialize the serial interface
4: Transmit the RUN packet
5: Wait for the ACK response
6: if ACK is not received or an ERR message is returned then
7: Report an acquisition failure
8: return
9: end if

10: Parse and store the applied configuration θapp
11: Initialize the buffers for tms[k], r[k], y[k], and u[k]
12: while END has not been received do
13: Read the next serial message
14: if the message is a valid DATA packet then
15: Append the transmitted sample to the acquisition buffers
16: else if the message is ERR or the acquisition timeout is exceeded then
17: Report an acquisition failure
18: return
19: end if
20: end while
21: Convert tms[k] into t[k] using (46)
22: Construct E(K) according to (4)
23: Store the requested configuration, applied configuration, raw messages, and sampled

signals
24: return E(K)

Algorithm 2 evaluates the nominal performance terms. The sampling period used
in the numerical sums is estimated from the acquired time vector, thereby preserving
consistency with the timestamps returned by the embedded system.

Algorithm 2 Host-side objective-function evaluation

Require: Experimental dataset E(K), objective weights we, wu, and w∆u
Ensure: Objective value Jobj(K), performance metrics met

1: Extract t[k], r[k], y[k], and u[k]
2: Truncate all signals to their common number of samples N
3: if N < 5 then
4: Report an invalid experiment
5: return
6: end if
7: Estimate Ts from the mean difference of consecutive timestamps
8: Compute e[k] using (8)
9: Compute ∆u[k]

10: Evaluate Je, Ju, and J∆u using (14)–(16)
11: Evaluate Jobj(K) using (17)
12: Compute Mp, Tset, e f , and ρsat
13: Store the objective components and response metrics in met
14: return Jobj(K) and met

Algorithm 3 distinguishes acquisition failures, non-finite measurements, divergent
responses, and finite responses that violate the prescribed performance thresholds.
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Algorithm 3 Host-side penalty-function evaluation

Require: Experimental dataset E(K), penalty parameters
Ensure: Penalty value P(K), penalty label penLabel, penalty components

1: Extract t[k], r[k], y[k], and u[k]
2: Truncate all signals to their common number of samples N
3: if N < 5 then
4: P(K)← Jfail
5: penLabel ← short_experiment
6: return
7: end if
8: if any acquired value is non-finite then
9: P(K)← Jfail

10: penLabel ← nonfinite_data
11: return
12: end if
13: if maxk |y[k]| > yabs,max then
14: Compute Py
15: P(K)← Jfail + Py
16: penLabel ← divergence
17: return
18: end if
19: Compute ρsat, Mp, Tset, and e f
20: Compute Psat using (21)
21: Compute PMp using (23)
22: Compute PTset using (26)
23: Compute Pe f using (28)
24: Evaluate P(K) using (29)
25: if P(K) is non-finite then
26: P(K)← Jfail
27: penLabel ← invalid_penalty
28: return
29: end if
30: Assign penLabel from the dominant active penalty
31: return P(K), penLabel, and the penalty components

The complete host-side optimization is given in Algorithm 4. The procedure imple-
ments the constrained Gaussian CEM described in Section 2; it is not executed during an
embedded sampling interval.

Algorithm 4 Host-side constrained Gaussian CEM for experimental PID tuning

Require: Gain bounds Kmin and Kmax, initial µ and σ, population size Np, elite count Ne,
generation count Ng

Ensure: Best controller K⋆, best cost J⋆, experimental historyH
1: Initialize a new campaign or load the stored learning state
2: Enforce the gain and dispersion bounds
3: for g = 1, . . . , Ng do
4: Sample Np bounded candidates using (30)
5: Insert the best-so-far controller into the population when available
6: for i = 1, . . . , Np do

7: Assign K(g)
i to the experiment configuration

8: Execute Algorithm 1
9: if the acquisition is successful then

10: Evaluate J(g)
obj,i using Algorithm 2

11: Evaluate P(g)
i using Algorithm 3
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Algorithm 4 Cont.

12: J(g)
i ← J(g)

obj,i + P(g)
i

13: else
14: J(g)

i ← Jfail
15: Mark the evaluation as unsuccessful
16: end if
17: Append the gains, costs, metrics, labels, and validity state toH
18: end for
19: Rank the population by increasing J(g)

i
20: if the best candidate improves J⋆ then
21: Update K⋆ and J⋆

22: end if
23: Select the successfully evaluated candidates among the first Ne ranked positions
24: if no elite candidate is available then
25: Keep µ unchanged
26: Expand and bound σ
27: else
28: Compute µ

(g)
elite using (34)

29: Compute σ
(g)
elite using (35)

30: Update µ using (36)
31: Update σ using (37)
32: end if
33: Store the updated learning state and experimental history
34: end for
35: return K⋆, J⋆, andH

Algorithm 5 Embedded-side experiment configuration

Require: Serial input stream
Ensure: Validated experiment state

1: if no serial command is available then
2: return
3: end if
4: Read and parse the received command
5: if the command is not a valid RUN packet then
6: Transmit ERR
7: return
8: end if
9: Validate Tf , tstep, Ts, CPR, and edeadband

10: if any requested parameter is inadmissible then
11: Transmit ERR
12: return
13: end if
14: Assign Kp, Ki, and Kd
15: Configure Ts, CPR, DPP, and edeadband
16: Quantize the requested reference amplitude
17: Reset the PID, reference, encoder, and sampling states
18: Activate the experiment
19: Transmit ACK with the applied configuration
20: Transmit the initial DATA sample at t[0] = 0

4.3. Embedded-Side Procedures

The embedded implementation consists of command validation, PID evaluation, and
periodic data transmission. These procedures use only the gains and experiment parameters
transmitted before each run. No CEM population or learning memory is stored on the
embedded processor.
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Algorithm 6 reproduces the implemented PID computation and conditional-integration
anti-windup mechanism. The bounded controller output u[k] is recorded in the dataset.
The command physically applied to the driver is denoted by ua[k] because the deadband
policy may stop the actuator even when the computed bounded output is nonzero.

Algorithm 6 Embedded-side PID update

Require: Reference r[k], measured position y[k], PID gains, previous states
Ensure: Bounded controller output u[k], applied command ua[k]

1: Compute e[k]← r[k]− y[k]
2: Compute the proportional term P[k]← Kpe[k]
3: Compute the derivative term D[k]← Kd

(
e[k]− e[k− 1]

)
/Ts

4: Compute the candidate integral term Ĩ[k]← I[k− 1] + KiTse[k]
5: Compute the trial output ũ[k]← P[k] + Ĩ[k] + D[k]
6: Compute the bounded trial output usat[k]
7: if ũ[k] = usat[k] then
8: I[k]← Ĩ[k]
9: else if ũ[k] > umax and e[k] < 0 then

10: I[k]← Ĩ[k]
11: else if ũ[k] < umin and e[k] > 0 then
12: I[k]← Ĩ[k]
13: else
14: I[k]← I[k− 1]
15: end if
16: Compute u[k] using (11)
17: Update the previous-error state
18: if |e[k]| < edeadband then
19: Reset the PID states
20: ua[k]← 0
21: else
22: ua[k]← u[k]
23: end if
24: return u[k] and ua[k]

Algorithm 7 Embedded-side sampling, actuation, and data streaming

Require: Active experiment, sampling period Ts, experiment duration Tf
Ensure: Serial DATA and END messages

1: if the experiment is inactive then
2: return
3: end if
4: if the next sampling instant has not been reached then
5: return
6: end if
7: Advance the sample counter
8: Compute the experiment time t[k]
9: Update r[k] using (40)

10: Read the encoder and compute y[k]
11: Execute Algorithm 6
12: Apply ua[k] through the motor driver
13: Transmit DATA(tms[k], r[k], y[k], u[k])
14: if t[k] ≥ Tf then
15: Stop the actuator
16: Reset the PID states
17: Deactivate the experiment
18: Transmit END(tms[k])
19: end if
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The sampling scheduler invokes the PID update only when the prescribed sampling
interval has elapsed. The scheduler also generates the reference, reads the encoder, applies
the motor command, and transmits the corresponding data packet.

The resulting implementation preserves a deterministic embedded feedback task while
allowing the host computer to perform episodic stochastic optimization from complete
physical experiments.

5. Experimental Application
This section specifies the experimental conditions used to apply the formulation in

Section 2 through the host-embedded implementation described in Section 4. Two stages
were considered: a nominal learning campaign used to identify the PID gains and a
subsequent validation stage performed with the selected controller fixed.

5.1. Nominal Learning Campaign

The nominal campaign was conducted using a step reference with amplitude A = 90◦.
Each candidate controller was evaluated for Tf = 3 s using a sampling period of Ts = 25 ms.
The reference transition occurred at tstep = 0.5 s.

All physical and timing conditions remained fixed throughout the campaign. Only
the gain vector K varied between candidate evaluations. The corresponding experimental
conditions are summarized in Table 5.

Table 5. Experimental conditions used during the nominal learning campaign.

Parameter Symbol Value

Reference amplitude A 90◦

Step transition time tstep 0.5 s
Experiment duration Tf 3 s
Sampling period Ts 25 ms
Encoder resolution CPR 1336 counts/rev
Angular resolution DPP 360/1336 deg/count
Error deadband edeadband 0.5◦

PWM limits umin, umax −255, 255
PWM frequency – 1000 Hz
Supply voltage Vin 12 V

For each candidate K(g)
i , the host transmitted the requested configuration, verified the

applied parameters through the ACK message, acquired the dataset E(g)
i , and evaluated the

total cost according to (12). The motor and controller states were reset before every run so
that all candidates were evaluated from equivalent initial conditions.

5.2. CEM Configuration

The PID search domain was defined as

Kmin =
[
0 0 0

]⊤
, Kmax =

[
15 10 0.5

]⊤
. (48)

The initial Gaussian distribution was parameterized by

µ(0) =
[
8 6 0.10

]⊤
, σ(0) =

[
3 2 0.08

]⊤
. (49)

The complete campaign comprised Ng = 60 accumulated generations, with Np = 8
physical candidate evaluations per generation and Ne = 3 elite positions. The learning
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state was stored after each generation, allowing execution to continue without resetting the
sampling distribution or the best-so-far controller.

Table 6 summarizes the CEM parameters used in the application.

Table 6. CEM configuration used during experimental PID tuning.

Parameter Symbol Value

Accumulated generations Ng 60
Population size Np 8
Elite positions Ne 3
Mean smoothing factor αµ 0.7
Dispersion smoothing ασ 0.8
Initial mean µ(0) [8, 6, 0.10]⊤

Initial dispersion σ(0) [3, 2, 0.08]⊤

Minimum dispersion σmin [0.15, 0.15, 0.01]⊤

Maximum dispersion σmax [3.75, 2.50, 0.125]⊤

Best-so-far injection – Enabled
Failure cost Jfail 1012

The sampling bounds, dispersion limits, smoothing factors, and best-so-far injection
remained unchanged throughout the campaign. If no successfully evaluated candidate was
available among the first Ne ranked positions, the dispersion was expanded according to
the rule defined in Section 2.

5.3. Objective and Penalty Configuration

The objective weights were selected to prioritize angular tracking while retaining
regularization terms for control effort and command variation:

we = 1, wu = 10−4, w∆u = 10−3. (50)

The penalty thresholds and coefficients are listed in Table 7. These values define the
admissibility requirements applied uniformly to all candidate experiments.

The settling band was defined using β = 0.02, corresponding to a relative band of 2%
around the final reference. The final tracking error was estimated from the last n f = 10
acquired samples. These quantities were fixed before the learning campaign and were not
modified in response to the observed results.

Table 7. Penalty thresholds and coefficients used during the nominal campaign.

Penalty Threshold Coefficient Value

Saturation ρmax = 0.10 λsat 5× 104

Overshoot Mp,max = 15% λMp 2× 103

Settling time Tset,max = 2 s λTset 5× 102

Final error e f ,max = 2◦ λe f 2× 103

Divergence yabs,max = 1.5A λy 5× 104

5.4. Evaluation Protocol Under Reference-Amplitude Variations

After completing the nominal learning campaign, the best-so-far controller defined
by (38) was fixed. No further sampling, adaptation, or parameter update was performed
during the subsequent evaluation experiments.

The subsequent experiments evaluated the fixed controller using positive and negative
step amplitudes different from the nominal learning condition. The sampling period, step
instant, experiment duration, encoder conversion, actuator limits, deadband, and supply
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voltage remained unchanged. Consequently, the requested reference amplitude was the
only deliberately modified experimental variable.

For an amplitude A ∈ Aeval, the acquired evaluation dataset was denoted by

EA = {t[k], rA[k], yA[k], uA[k]}N−1
k=0 . (51)

The initial and final reference levels were estimated directly from each acquired
reference sequence and denoted by r0 and r f , respectively. For r f ̸= r0, the normalized
reference and output were defined as

rN [k] =
rA[k]− r0

r f − r0
, (52)

and

yN [k] =
yA[k]− r0

r f − r0
. (53)

The normalized tracking error was

eN [k] = rN [k]− yN [k]. (54)

Because all validation experiments used the same sampling period, transition instant,
and final time, the normalized responses were compared at corresponding sampling in-
stants. For the evaluated set containing NA amplitudes, the mean normalized response
was computed as

yN [k] =
1

NA

NA

∑
j=1

yN,j[k], (55)

and its sample standard deviation was

σyN [k] =

√√√√ 1
NA − 1

NA

∑
j=1

(
yN,j[k]− yN [k]

)2. (56)

The evaluation considered the raw and normalized responses, normalized tracking
error, overshoot, settling time, final error, total cost, and applied control signals. These
quantities were computed using the fixed controller and were not used to perform any addi-
tional retuning. The resulting observations are restricted to the tested reference amplitudes
and do not constitute a general robustness or stability assessment.

6. Results and Discussion
This section analyzes the experimental behavior of the constrained Gaussian CEM

and the closed-loop response obtained with the selected PID controller. The results corre-
spond to one complete learning campaign comprising Ng = 60 accumulated generations
and Np = 8 physical evaluations per generation. Therefore, the reported convergence
curves characterize the internal evolution of one stochastic realization and should not be
interpreted as run-to-run statistical evidence.

6.1. Generation-Level Cost Evolution

Figure 8 presents the distribution of feasible costs at each generation. The interquartile
interval and median describe the transition from broad exploratory evaluations toward
a more concentrated range of feasible costs within the reported campaign. Generations
without feasible candidates correspond to sampled controllers that violated at least one
experimental requirement or failed to produce an admissible response.
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Figure 8. Generation-level feasible-cost statistics. The interquartile interval and median describe the
concentration of admissible candidate costs during the CEM campaign.

The minimum feasible objective value obtained at each generation is shown in Figure 9.
The largest cost reduction occurs during the initial exploratory stage. After approximately
generation g = 30, the best feasible values fluctuate within a comparatively narrow inter-
val, indicating that subsequent populations repeatedly sampled controllers with similar
objective values within this stochastic realization.

Figure 9. Best feasible objective value obtained at each generation of the experimental campaign.

These results show within-campaign concentration of the feasible objective values.
However, they do not constitute a formal convergence proof or characterize the variability
of the final solution across independent campaigns and initializations.

https://doi.org/10.3390/eng7080397

https://doi.org/10.3390/eng7080397


Eng 2026, 7, 397 24 of 33

6.2. Evolution of the CEM Sampling Distribution

Figure 10 shows the trajectory of the Gaussian sampling mean in the three-dimensional
PID parameter space. Within the reported campaign, the distribution center moves from
the initial condition toward a localized region associated with lower experimentally mea-
sured costs.

Figure 10. Three-dimensional trajectory of the CEM sampling mean in the PID parameter space.

The componentwise evolution of the sampling mean is presented in Figure 11. The
proportional and integral components exhibit the largest displacement during the initial
generations, whereas the derivative component remains within the narrower interval
imposed by its admissible range. The revised figure uses differentiated colors and line
styles to improve visual separation among the three gain components.

Figure 11. Evolution of the CEM sampling mean components. Distinct color and line encodings are
used for µKp , µKi , and µKd .
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Figure 12 shows the corresponding exploration scales. Their reduction describes
the progressive concentration of the sampling distribution observed during the reported
realization. The nonzero lower bounds imposed on σ prevent complete distribution collapse
and preserve local exploration.

Figure 12. Evolution of the componentwise CEM sampling dispersion.

The complete set of evaluated gains is shown in Figure 13. The early population sam-
ples cover a broad portion of the admissible domain, whereas later candidates concentrate
near the final sampling region. This behavior results directly from elite selection and the
smoothed updates defined in (36) and (37).

Figure 13. PID gains physically evaluated during the complete CEM campaign.

The observed adaptation is consistent with the standard behavior of CEM and is not
presented as a new stochastic optimization mechanism. The contribution lies in connecting
this update process to the physical mapping K −→ E(K) −→ J(K) through a traceable
host-embedded implementation.
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6.3. Selected Controller and Reference-Amplitude Evaluation

The controller with the lowest recorded cost during the nominal campaign was

K⋆ =
[
4.999010 8.003378 0.156947

]⊤
, (57)

with recorded cost
J⋆ = 489.265473. (58)

The gains were fixed during the validation stage. No CEM update, adaptation, or
retuning was performed after selecting K⋆. Therefore, the following results describe the
response of one fixed controller under reference amplitudes different from the nominal
learning condition.

Figure 14 presents the measured angular responses. No divergent trajectory was ob-
served for the evaluated positive and negative references, although their absolute transient
characteristics vary with the requested amplitude. This observation is restricted to the
tested reference amplitudes and operating conditions.

Figure 14. Closed-loop responses obtained with the fixed controller K⋆ under different reference
amplitudes.

The normalized responses defined in Section 5 are shown in Figure 15. Normalization
removes the amplitude and sign of the reference transition and allows the transient shapes
to be compared on a common scale.

Figure 16 presents the mean normalized trajectory and its variability envelope. The
concentration of the responses indicates that the measured trajectories exhibit similar nor-
malized transient profiles over the evaluated amplitude set. The corresponding envelope
describes variability across different reference conditions and should not be interpreted as
a statistical confidence interval obtained from repeated independent trials.

The normalized tracking-error statistics are shown in Figure 17. The mean normalized
error decreases after the transient interval, while the envelope describes the dispersion associ-
ated with the different reference amplitudes. Because each amplitude represents a different
experimental condition, this dispersion does not quantify run-to-run stochastic variability.
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Figure 15. Normalizedclosed-loop responses obtained with the fixed controller under reference-
amplitude variations.

Figure 16. Mean normalized response and sample standard-deviation envelope over the amplitude-
validation set.

Figure 18 summarizes the overshoot, settling time, final error, and total cost obtained
for each validation amplitude. These quantities characterize the measured behavior of the
fixed controller when the reference differs from the nominal tuning condition.

The corresponding bounded controller commands are shown in Figure 19. The trajec-
tories exhibit the largest corrective action immediately after the reference transition and
remain within the actuator limits imposed by the embedded implementation.

The experiments show that the selected controller produced finite tracking responses
and control commands within the imposed actuator limits for the evaluated amplitude
set. These observations do not constitute an analytical stability certificate or a robustness
guarantee against untested loads, supply variations, parameter changes, measurement
conditions, or external disturbances.
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Figure 17. Mean normalized tracking error and variability envelope for the amplitude-validation
experiments.

Figure 18. Closed-loop performance metrics obtained with the fixed controller under
reference-amplitude variations.

6.4. Computational Burden and Experimental Timing

The host-embedded architecture separates the real-time feedback task from the
episodic optimization procedure. During each sampling interval, the embedded processor
evaluates the PID law, processes the encoder measurement, applies actuator saturation,
and transmits one data sample. The number of arithmetic operations does not depend
on the population size or generation count. Its computational complexity per sample is
therefore constant:

O(1). (59)

These complexity expressions describe the scaling of the implemented computational
partition. They do not constitute a formal worst-case execution-time analysis of the em-
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bedded software. The CEM population, experimental history, ranking operation, and
sampling-distribution parameters are stored and processed on the host computer. For a
gain dimension d = 3, the population-storage requirement is

O(Npd), (60)

and ranking the population requires

O(Np log Np). (61)

These operations are performed between experiments and do not compete with the
embedded sampling deadline Ts = 25 ms.

The total number of physical evaluations in the reported campaign was

Nexp = NgNp = 60× 8 = 480. (62)

Because each experiment lasted Tf = 3 s, the minimum physical execution time was

Tcampaign,min = NexpTf = 480× 3 s = 1440 s = 24 min. (63)

This value excludes serial initialization, acknowledgment delays, file storage, motor
resetting, and host-side processing. The actual campaign duration is consequently greater
than 24 min.

Figure 19. Bounded controller commands generated by the fixed controller during the amplitude-
validation experiments.

The real-time claim is therefore restricted to the embedded PID execution level. The
complete tuning process is not an online gain-adaptation law operating within each sam-
pling interval. It is an experimental commissioning or episodic-retuning procedure. The
reduction in modeling effort is obtained at the cost of repeated physical experiments,
actuator usage, and campaign duration.

6.5. Positioning Relative to Existing Data-Driven PID Tuning

The use of experimental data for PID tuning is well established. Online minimum-
variance tuning [11], one-shot fictitious-reference design [12], and constrained data-driven
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optimization with stability considerations [13] provide alternatives with different require-
ments concerning data volume, auxiliary assumptions, and formal guarantees.

Population-based experimental tuning has also been investigated through evolu-
tionary comparisons [23] and safe experimentation dynamics [24]. One-shot approaches
generally require fewer physical evaluations than the iterative implementation considered
here. Methods that explicitly derive stability conditions provide analytical guarantees that
are not supplied by the present penalty-based experimental formulation.

The distinguishing element of the present study is the end-to-end experimental ar-
chitecture. Each sampled gain vector is physically deployed, the requested and applied
configurations are recorded, the complete dataset is stored, physical penalties are evaluated,
and the CEM state is updated outside the embedded feedback loop. The contribution is
therefore methodological and architectural rather than a new PID-tuning principle or a
new version of CEM.

Table 8 provides a qualitative contextualization based on the reported scope of the
cited approaches. It does not constitute a quantitative benchmark because the alternative
methods were not implemented on the same physical platform. A controlled comparison
of convergence speed, final performance, and experimental cost would require common
hardware, reference signals, constraints, initialization rules, stopping criteria, and perfor-
mance indices.

Table 8. Scope of representative recent data-driven PID tuning approaches and the present framework.

Approach Primary Objective Data or Experimental
Requirement

Relation to the Present
Study

Zhu et al. [11] Online minimum-variance
PID auto-tuning

Operational closed-loop
data

Emphasizes online tuning
rather than a
host-embedded episodic
campaign

Yonezawa et al. [12] One-shot data-driven
fractional-order PID design Single experimental dataset

Requires fewer physical
evaluations than the
iterative CEM procedure

Massoud and Libby [23] Comparison of evolutionary
PID optimizers

Simulation and physical
experiments

Provides an algorithmic
benchmark, whereas the
present study emphasizes
experimental traceability

Saat et al. [24] Safe experimentation-based
intelligent PID control

Repeated stochastic
evaluations

Includes repeated-run
statistical analysis not yet
performed in the present
campaign

Liu et al. [13] Constrained data-driven
optimal PID tuning

Measured data and formal
closed-loop conditions

Provides stronger analytical
guarantees than the
experimental formulation
considered here

Present framework Traceable host-embedded
experimental PID tuning

Repeated physical
closed-loop experiments

Integrates deployment,
acquisition, constrained
evaluation, and episodic
CEM updates

6.6. Limitations and Scope of the Evidence

The results are subject to four principal limitations. First, only one complete CEM cam-
paign was analyzed. The 480 candidate evaluations characterize the internal evolution of
that campaign but are not independent repetitions of the complete stochastic optimization
procedure. Consequently, the present results do not estimate the run-to-run mean or vari-
ance of J⋆, K⋆, Mp, and Tset, nor do they establish insensitivity to stochastic initialization.
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Second, the objective and penalty coefficients were fixed before the campaign. Their
values establish the relative importance of tracking, actuation, smoothness, and constraint
violations, but the present results do not quantify how perturbations of these coefficients
affect the selected gains. Accordingly, no claim of insensitivity to the objective or penalty
configuration is made.

Third, no alternative model-free tuning method was executed on the same motor
platform. The current results document the execution and internal consistency of the
proposed architecture but do not demonstrate superiority in convergence speed, control
performance, or experimental efficiency.

Fourth, the penalty terms encode experimentally selected admissibility thresholds
and operational safeguards. They do not provide necessary or sufficient analytical stability
conditions for the closed-loop PID system. A formal stability analysis would require an
explicit or bounded representation of the plant dynamics together with assumptions that
are outside the scope of the present model-free experimental formulation.

Finally, the validation considers reference-amplitude changes while maintaining the
same actuator, supply voltage, mechanical load, sampling period, and hardware configura-
tion. Performance under disturbances, load changes, measurement noise, supply variations,
and long-term actuator variation remains outside the experimental scope of this study.

7. Conclusions
This study formulated and experimentally implemented a closed-loop PID tuning

architecture for a DC motor actuator without requiring an explicit parametric plant model.
The complete process was defined through the mapping K −→ E(K) −→ J(K), which
connects each PID gain vector with its physical closed-loop experiment, acquired dataset,
and constrained performance evaluation.

A constrained Gaussian Cross-Entropy Method was adopted as the search mechanism.
The contribution does not lie in the development of a new stochastic optimizer, but in the
integration of physical controller deployment, structured serial acquisition, requested-versus-
applied parameter verification, objective and penalty evaluation, persistent learning memory,
and host-side distribution adaptation within a reproducible host-embedded architecture.

The implementation separates the two relevant computational time scales. The em-
bedded processor executes the deterministic PID controller, encoder processing, actuator
saturation, reference generation, and data transmission at the prescribed sampling period.
Population sampling, cost evaluation, candidate ranking, elite selection, and CEM updates
are performed by the host computer between experiments. Consequently, the proposed
method supports real-time embedded PID execution, whereas the complete tuning pro-
cedure constitutes an episodic commissioning or retuning process rather than an online
gain-adaptation law.

Within the reported experimental campaign, the CEM distribution progressively
concentrated within a localized region of the admissible PID space. The selected controller
produced finite tracking responses and control commands within the imposed limits for the
evaluated reference-amplitude variations. These results document the internal consistency
and experimentally observed feasibility of the proposed pipeline under the considered
sampling, saturation, encoder, communication, and actuator conditions.

The conclusions are limited to the reported platform and experimental conditions. The
present study analyzes one complete stochastic campaign, does not include repeated inde-
pendent optimizations, and does not provide a quantitative comparison with alternative
model-free tuning methods on the same testbed. Moreover, the sensitivity of the selected
controller to objective and penalty coefficients has not yet been quantified. Therefore, the
current results demonstrate experimentally observed feasibility and traceability under the
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reported conditions, but they do not establish run-to-run statistical consistency, global
optimality, analytical closed-loop stability, or superiority over existing tuning approaches.

The penalty-based admissibility mechanism used during the physical search does not
provide an analytical closed-loop stability certificate. Establishing such a certificate would
require an explicit or bounded plant representation and additional assumptions that are
outside the scope of the present model-free experimental study.

Future work may consider repeated independent campaigns to characterize the disper-
sion of the learned gains and closed-loop metrics, sensitivity analysis of the objective and
penalty coefficients, controlled comparisons with representative model-free and evolution-
ary PID tuning methods, and stability-oriented extensions based on an explicit or bounded
plant representation. Further extensions will address load disturbances, supply varia-
tions, multi-actuator systems, higher-dimensional controller structures, and experimental
platforms with nonlinear, underactuated, or open-loop unstable dynamics.
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