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ABSTRACT

The dynamic nature of thermal processes means that predictive algorithms are an obvious choice for control-
ling processes of this type. Unfortunately, the product variability commonly found in real-world processes forces
changes in the operating point. This, in turn, forces changes in the controller settings. Unfortunately, even for
commonly used PI controllers, this is not usually done in practice. This approach results in a deterioration of the
control loop efficiency indices and, consequently, the efficiency of the process and even the quality of the product.
Therefore, the implementation of a predictive controller in the control system that would not require personnel
to re-parameterize in the event of a change in the operating point seems very attractive. The linear version of the
DMC predictive controller meets these expectations, as it features a low computational complexity of the control
law formula. This feature allows for its implementation in a PLC. It should be emphasized that the components
of the control law for a specific operating point are the result of complex calculations that are difficult to perform
in a PLC. A change in the operating point forces them to be re-determined. Therefore, only the combination
of a PLC and an industrial computer (IPC) in an edge computing architecture allows the full use of the afore-
mentioned advantages of the DMC predictive controller. This paper presents a predictive edge dynamic matrix
control (EDMC) algorithm designed to control heat sources operating as a part of heat distribution systems. The
EDMC algorithm is implemented partially in a PLC and partially in an edge device. This cooperation significantly
increases the system’s available computational power and makes this solution possible to implement in industry. In
addition, the publication presents a comparison of the performance quality offered by the EDMC system described
in relation to the commonly used PI controller.

Keywords: edge computing, DMC controller, PLC controller, process control.

INTRODUCTION challenge for system designers. It is estimated that
two years ago, the number of Internet of Things
(IoT) devices connected to the network and con-
stantly generating data was 43 billion. Important-
ly, this trend is clearly on the rise [2].

This rapid development has necessitated the
advancement of concepts enabling efficient and

secure data transmission and processing, such

Current changes in the production paradigm,
which is increasingly being based on the availabil-
ity of energy from sustainable sources, are placing
new demands on control systems. These require-
ments will necessitate the use of more efficient
systems, including control loops. Statistics show
that only around 20% of control systems operate

correctly [1], which makes the concept of effec-
tive data acquisition and processing a particularly
important issue. Nowadays, the efficient utiliza-
tion of computer networks poses an increasing

as edge computing. Edge computing, alongside
cloud computing, is considered one of the pri-
mary architectures used today for data storage
and processing. Its fundamental principle lies in
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performing computations in proximity to the data
source. Local processing enhances system reli-
ability by allowing operations to continue even
in the event of a disruption in connectivity with
the central server. Ensuring high availability
and fault tolerance in industrial communication
networks often requires complex architectures,
such as redundant server configurations, which
must be carefully evaluated for performance
and recovery times [3]. By utilizing edge com-
puting, the critical control loops are kept local,
minimizing the reliance on extensive and com-
plex network infrastructure. Edge computing
also provides enhanced data security by reducing
transmission distance and eliminating the need
to transfer information to cloud service provid-
ers [4]. Another compelling argument driving
the development of edge computing technology
is the reduction of energy consumption. Large-
scale data centers require significant electrical
power to operate efficiently [5]. By offloading a
portion of computations to edge nodes, it is pos-
sible to substantially decrease energy usage. The
main drawback associated with the nature of edge
computing is its limited computational power and
resources. Edge devices are not nearly as power-
ful as large cloud servers. Moreover, there is a lack
of competitive solutions to cloud computing that
would fully unlock the potential of this relatively
new concept [6]. Existing literature addresses
the application of edge computing in model pre-
dictive control (MPC) systems for autonomous
devices [7]. These works highlight the substantial
potential of this architecture to enhance control
performance. However, there is a lack of studies
addressing the use of edge computing in process
control systems, particularly those involving pre-
dictive control algorithms.

To clearly position the proposed edge dynam-
ic matrix control (EDMC) system, it is necessary
to compare it with modern MPC developments
and alternative computation offloading strate-
gies. The demand for higher control quality has
led to the rapid development of advanced predic-
tive algorithms, such as adaptive MPC, event-
triggered MPC, and learning-based (LB) MPC
[8—10]. While these modern developments signif-
icantly improve control performance, they inher-
ently increase the computational requirements.

To address this within the direct control layer,
various embedded MPC solutions have been
explored. Researchers have successfully imple-
mented predictive controllers on specialized

hardware, including microcontroller-based MPC

[11,12] and FPGA-based predictive controllers

[13], achieving rapid execution times. However,

in standard industrial cases, replacing widely

adopted Programmable Logic Controllers (PLCs)
with custom microcontrollers or FPGAs is often
impractical due to standardization, maintenance,
and industrial programming language standards.

The attempts to embed MPC directly into PLCs

[14,15] ensure deterministic execution, but

severely consume limited memory and restrict

dynamic re-parameterization.

To overcome PLC hardware limitations with-
out changing the automation architecture, com-
putation offloading strategies are utilized. One
active research trend is the hybrid cloud-PLC
MPC [16,17], where optimization tasks are sent
to remote servers. However, cloud solutions may
introduce significant latency, jitter, and cyberse-
curity vulnerabilities [4,5], which pose severe
risks to local control loops. Recently, edge com-
puting has emerged as a safer alternative. Yet,
existing edge-based solutions often offload the
entire control law calculation to external devices
[18]. While resolving the computational issue, it
still leaves the control loop vulnerable to local
network disruptions between the PLC and the
edge device.

Consequently, a significant research gap exists
in the practical implementation of edge-based pre-
dictive control for industrial processes. To bridge
this gap, this article proposed a novel distributed
architecture for the automatic parameterization of
heat distribution control systems. The proposed
EDMC concept assumes a strict division of tasks:
the edge device performs only the complex com-
putations necessary to determine the DMC con-
troller parameters, while the critical, time-sensi-
tive control law is implemented directly on the
PLC. This approach ensures that even in the event
of communication failures, the PLC continues
control using the last known parameters.

In summary, the main contributions of this
paper are as follows:

1. Distributed EDMC architecture: proposing a
novel architecture that isolates the computa-
tionally heavy task of DMC parameterization
on an edge device, while the linear control law
is executed directly on a PLC, ensuring process
safety during communication disruptions.

2. Industrial-grade implementation: demonstrat-
ing a practical integration using commonly
used industrial hardware and protocols.
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3. Industrial validation: practical evaluation of
the proposed system on a thermal plant — heat
distribution system.

DESCRIPTION OF EDGE COMPUTING
SYSTEM

The proposed edge system architecture (Fig-
ure 1) is based on the cooperation of a PLC con-
troller and an edge device, with each component
responsible for a different part of the control
process. The PLC, which implements the linear
control law, handles data acquisition and gener-
ates control signals for the investigated plant. It
cooperates with the edge device, which is respon-
sible for data processing in the controller param-
eterization process. This device determines the
parameters K“ and K°, which are essential for
control system’s operation. Devices within the
system communicate using the MQTT protocol
— a lightweight, publish/subscribe-based commu-
nication protocol. Its selection was motivated by
its widespread adoption in industrial internet of
things (I1oT) systems, which aligns with the edge
architecture under investigation.

In the studied architecture, a PC-class com-
puter can serve as the edge device. However,
industrial environments often require operation
under harsh conditions, such as high levels of dust
or exposure to moisture. Reliability is the most
critical feature when implementing such systems
in practice. Therefore, solutions dedicated to
these environments are sought, offering appropri-
ate physical and software-level protection.

Taking the above into consideration, it was
decided to test a solution in the form of a com-
pact industrial computer designed for operation
in industrial environments, which has the poten-
tial for wide practical application. Furthermore,
and importantly, this approach allows for full
integration of the proposed solution into indus-
trial environments.

DMC ALGORITHM

The DMC algorithm is one of the most well-
known examples of model predictive control. Its
initial implementations date back to the 1970s
and were developed within the oil industry, where
there was a need for an effective control meth-
od that accounted for nonlinearities and signal

constraints [19]. The primary premise of predic-
tive control methods is the optimization of a cost
function to determine the appropriate control
action at each sampling instant. These methods
utilize a finite prediction horizon over which the
dynamic behavior of the process is forecasted.
The DMC algorithm, based on the step response
of the process, minimizes the performance index
d (1) to determine future control increments Au
over the prediction horizon H.

Hp
Jk) = Z(ys”(k +plk) — y(k + plk))2 +
p=t )

He—1

+1 ) (bulk +plk))*

where: y*?(k + p|k) — set point at time instant
k + p predicted at time instant
k, y (k + p|p) — controlled variable at time
instant k£ + p predicted at time instant
k, Au (k + p|k) — control increment at time
instant k£ + p predicted at time instant
k, H_ — control horizon, 4 —move suppres-
sion coefficient that penalizes control sig-
nal variability.

Parameter 4 plays a crucial role in the cost
function due to its ability to model the dynamics
of the controller’s response — as A increases, the
response becomes more conservative. Other tun-
ing parameters of the controller include sampling
period t, dynamic horizon H, prediction hori-
zon Hp, control horizon H, and window horizon
H , which is related to process transport delay
and defines the number of step response samples
omitted in the parameterization process.

The analytical form of the DMC controller for
single-input single-output (SISO) systems, repre-
senting the solution to the presented optimization
problem, can be expressed as [20]:

1. Collection of step response data

The first step involves collecting the step
response of the process around the specified
operating point and fitting a model using one of
the available methods (e.g., two-point method)
to approximate it by a first-order plus dead time
(FOPDT) model (2), based on the determination
of the gain k, time constant 7, and delay time 7

e ST 2)

K(s) =
(s) st+1



Advances in Science and Technology Research Journal 2026, 20(9), 1-12

PLC CONTROLLER

Step response

EDGE DEVICE

(1O

MQTT

0bd4

(]
=]

Control law

KY, K® Parameters

Data acquisition

Parametrization algorithm

Figure 1. Proposed edge system architecture

2. Controller tuning

The second step is to select the controller
parameters based on the identified FOPDT model
approximation (2) around the operating point.
This can be done using the heuristic methods pre-
sented, for example, in [21,22] or stochastic opti-
mization [23,24].

3. Determination of controller parameters: K¢
and K"

The third step involves collecting the step
response vector s of the process around the speci-
fied operating point using the previously deter-
mined sampling period T, and dynamic horizon
length H . This is necessary for the correct deter-
mination of the parameters used in the control law,
which in turn ensures proper controller operation.
The elements of the vector s are used to define the
dynamic matrix M (3) and the matrix M”, which
predicts the output based on past control incre-
ments (4):

r SHW SHW—I wee 0 ee 0
SHW+1 SHW e S1 ee 0
M=\ Sy,  SH,-1 SHe-H,, S1 3)
SHe+1  SHe t SHe—Hy+1 " S2
L SHp SHp—1 SHp—H,, SHp—H¢+1

S1+H,, — S1  S2+H,, — S2
S2+H,, —S1  S3+H, — S2

SHp—1+H,, — SHp-1
SHp+H,, — SHp-1 (4)

MP =

SHp+1 —S1  SHp+2 — S2 SHp+Hp—-1 — SHp-1

The definition of the parameter H , which is
responsible for excluding the response elements
prior to the transport delay from the cost function,
allows for a reduction in the size of the matrices
M and M?, thereby decreasing the computational
load in subsequent steps.

The determination of the parameter K¢ is
based on the formulas (5) and (6):

K=[M"M + AI"*MT (5)

where: I is an identity matrix, and the first row of
matrix K is of the form

(K11 Kip KiHp-m,+1]
Hp
K¢ = Z Kip—n,+1 (6)
p=Hy,

The parameter K“, in the form of a vector, can
be determined based on (4, 7):

K% = K;MP (7N

4. Definition of the control law

The final step involves performing control
based on the linear control law defined as [21]:

Au(k) = K (y*P (k) —y (k) -

Hp—1 (8)
- D, Kidutk—))
u(k) = ulk — 1) + Au(k) %)

where: Au(k — j) — vector of past control incre-
ments with a length equal to the dynamic
horizon H, — 1, u(k) — controller output
signal calculated at time &, u(k —j) — previ-
ous controller output signal at time k — 1).

An additional constraint that can be imple-
mented involves enforcing allowable ranges for
both newly calculated control increments and the
controller output:

Atpmin < Mu(k) < Mgy (10)
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IMPLEMENTATION OF THE EDGE
CONTROL SYSTEM

The implementation of the edge system was
based on Siemens’ solution — industrial edge (IE).
This system was launched in 2019 as an extension
of the Industry 4.0 concept, aiming to enable data
processing directly at the network edge. It offers
a wide range of applications for data exchange,
processing, and visualization, but its key advan-
tage lies in the ability to create and publish cus-
tom solutions. This made it possible to adapt the
network to the adopted design requirements.

The control system operating within the edge
computing architecture is divided into two parts.
The first part of the industrial computer IPC 127E,
serving as an edge device, is responsible for cal-
culating the parameters of the DMC controller
based on (3—7) and storing them in a database for
future use. The algorithm was implemented in
Python using the paho-mgqtt library for communi-
cation with the internal IE Databus network. For
communication with the PLC, the S7-Connector
application was utilized — a ready-made solution
within the system for data exchange with Sie-
mens controllers. The algorithm was deployed
to the edge system as a fully-fledged application
using Docker and the Industrial Edge App Pub-
lisher tools.

The edge device continuously monitors the
setpoint change signal with a selected sam-
pling time 7. Upon detecting such an event,
the algorithm searches the database for the

expected controller parameters. If available,
these parameters are transmitted to the PLC for
control execution. If not, the process variable is
brought close to the setpoint, which is appropri-
ately verified. Subsequently, a control step Au is
applied in such a way that the process variable
adequately covers the area around the setpoint.
If the experiment is successful, the algorithm on
the edge device retrieves the normalized discrete
step response vector. Calculations are then per-
formed sequentially to determine the controller
parameters K¢ and K", which are subsequently
stored in the PLC memory.

The second part, related to the PLC S7 1500,
is responsible for executing the control based on
the determined controller parameters. In the TIA
Portal v19 environment, the linear control law (8,
9) has been implemented along with the limita-
tion to the allowable range (10, 11).

THERMAL PLANT

The verification of the proposed control sys-
tem was carried out using a thermal plant (Figure
3) that is a part of a heat generation and distribu-
tion installation (Figure 2). The system includes
an electric flow heater with a volume of V'=1.6/
and a nominal power P = 12 kW.

Municipal water flows into the heater at an
inlet temperature 7, , °C, and a flow rate F, //min,
which is controlled by a valve with a Proportion-
al-Integral (PI) controller. The heater operated
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Figure 2. Laboratory thermal plant
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in an ON/OFF mode, which requires the use of
Pulse-Width Modulation (PWM), where the duty
cycle determines the desired heating power P, in
the range of 0—100%.

Preliminary testing was also carried out using
a model of the studied installation. Since the sys-
tem was simulated, the flow control subsystem
was omitted, and it was assumed that F = F.

The plant model was adopted from [26] Thls
specific model was chosen because it effectively
captures the fundamental nonlinear dynamics of
thermal processes, such as flow-dependent gain and
time constants, while maintaining a mathematical
structure suitable for control system simulations.
However, as with any simplified mathematical rep-
resentation, this model has certain limitations com-
pared to the real physical plant. It assumes ideal
fluid mixing, simplifies the unknown phenomena
into a basic transfer function, and does not explic-
itly account for varying sensor measurement noise
present in every data acquisition system.

The first part of the model is based on a first-
order nonlinear dynamic equation:

d out F

dt =—(Tin

Pthom
60V (12)

100¢, oy V

Tout) +

where: T,,;, °C — unmeasurable water tempera-
ture inside the heater,

= 4200 kg] — specific heat capacity of

water, and o = 1 kg/l — density of water.
The second part of the model, describing the

dynamics of the sensors, the electric heater, and
other unidentified phenomena occurring in the

real system, is simplified to the form of a trans-
fer function:

_ Tout _ k(Ph) -5Tg
ks = it (1 + ST1(F)) (13)

(1 +s72(F))

where: T, , °C — measurable outlet temperature
of the heater, £ — gain dependent on the
power P, 1, s and 1, s — time constants
representing additional dynamics depend-
ing on the flow rate F, t, s — transport
delay representing the system’s physical
dead time.

Transfer function parameters are defined by
the following relations:

k(P,) = —0.0002347 - P, + 1.012  (14)
T, =1, = 19.08 F704293 — 4,042 (15)
7o = 11.93- F7078 + 2,73 (16)

Implementation of the model using the fourth-
order Runge-Kutta method presented in [27] in
the TIA Portal v19 environment, along with the
experimental validation, confirmed its accuracy.
The validation was conducted in two district
scenarios to ensure the model’s reliability under
different operating conditions. The first scenar-
io (Figure 4a, Figure 4c) evaluated the model’s
response to varying heating power at a constant
flow rate of F = 3 //min. The second scenario
(Figure 4b, Figure 4d) verified the nonlinear flow-
dependent dynamics by applying step changes to

Electric flow heater

Control valve o
F. Vmin Tin, °C

V=const Tou°C

Tout: °C

-

Fsp, Vmin
—*| Controller

u, %

MAM
Lo |

PWM Module

Tout: °C

DMC Controller

-—

Top: 6

Figure 3. Simplified scheme of the temperature control system
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the flow rate while maintaining a constant heating
power of P, = 50%.

While the model closely follows the real
plant’s trajectory in both scenarios, minor model-
ing errors are observable. These differences come
from the aforementioned limitations. Based on
the validation data across both experiments, the
maximum absolute modeling error during heat-
ing power changes was ATp, = 1.65 °C, and dur-
ing flow rate changes it was AT, = 1.98 °C. These
maximum deviations appeared mostly in higher
temperature states.

RESULTS AND DISCUSSION

The verification of the proposed EDMC algo-
rithm structure was divided into two main stages.
The first stage evaluated the edge system’s abil-
ity to automatically conduct a step test and cal-
culate new tuning parameters. The second stage
contained a study evaluating setpoint tracking,
disturbance rejection, and robustness to operating

—— Real plant response

20 1 . Model response
0 1000 2000 3000 4000
Ly -8
100 €
80 -
S 60
A 40!
20 -
0 ; ; v ;
0 1000 2000 3000 4000
t, s

point variations against conventionally tuned PI
controllers.

To compare control performance across all
experiments, the following performance indices
were calculated: /4E — Integral Absolute Error,
— settling time with a 5% assumption, MP — maxi-
mum overshoot, max u — maximum controller
output, max Au — maximum change in control-
ler output. The /AE index was normalized to the
[0;1] range and expressed as IAE / IAE, .

1. Automatic parameterization

The first experiment of determining the con-
troller parameters for a new operating point was
carried out both on the real plant and its model.
The key to the performance of the DMC algo-
rithm is the controller tuning, carried out based
on the Klopot-Metzger strategy [23], which
assumes approximating the process response
using a FOPDT model. For a nominal flow rate
of =3 l/min and an inlet temperature 7, = 17
°C , the process was approximated using the
two-point method around the operating point,

B
60 - =
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o oA e
° 401
3
& 30
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0 1000 2000 3000
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Figure 4. Validation experiments of the model representing the tested thermal plant:
a) plant and model outlet temperature during power changes experiment;
b) plant and model outlet temperature during flow rate changes experiment;
¢) corresponding power changes; d) corresponding flow rate changes
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i.e., between 45 °C and 55 °C with the follow-
ing parameters:

0.5588

—21.55s 17
37.055 +1° an

K(s) =

The controller parameters determined for
(12), with a sampling time set to T = 1s and a
tuning parameter x = 0.1, for which the test were
conducted, are as follows:

Hp = 133,Hp = 59, Hp =

18
=2,H,, =22,1=1.84. (18)

The change of the operating point defined
as (7;1)7 F), from (50 °C, 3 l/min) to (45 °C, 3
[/min) initiates the process of bringing the pro-
cess variable close to the new operating point
(approximately 96.5% - T p), during which the
system operates in closed-loop tracking mode
using previously determined parameters (Stage
1). Once the steady stat is reached, and experi-
ment is conducted involving a control variable
change Au to obtain the step response around the
operating point necessary for controller param-
eterization (Stage 2). Successful completion of
this parameterization process allows the system
to switch to closed-loop control (Stage 3). The
algorithm accurately computed the new controller

A Model
Stage 2

Stage 1 ‘ Stége 3

49 |— — -~ Operating point - Setpoint Tout
100 200 300
t, s
60 C ‘ : ‘
Stage 1 Stage 2 Stage 3
55
2 50
a5 45
40H
35 - : -
0 100 200 300
t, s

parameters and effectively brought the process
variable to the new operating point (Stage 3).

2. Comparative study

To evaluate the control quality of the EDMC
system against traditional methods, a compara-
tive study with a PI controller was conducted. To
ensure a fair benchmark, the PI controller was
tuned using four well-established empirical meth-
ods: Ziegler-Nichols (Z-N), Cohen-Coon (C-C),
and the Chien-Hrones-Reswick (CHR) method,
configured for both 0% and 20% maximum over-
shoot [28]. Correspondingly, the EDMC control-
ler was evaluated using two distinct heuristic tun-
ing strategies: the Klopot-Metzger method [23]
and the Shridhar-Cooper method [29].

The evaluation was divided into two scenari-
os to test the system’s robustness across different
operating conditions, accounting for both setpoint
tracking and disturbance rejection.

The first scenario (Figure 5a, Figure 5¢) was
conducted at a nominal flow rate of /' = 3 I/min.
The experiment began with a setpoint change
from 45 °C to 50 °C. Subsequently, at ¢ = 400 s,
a simulated load disturbance was introduced by
dropping the inlet temperature 7, to 15 °C.

The second scenario (Figure 5b, Figure 5d)
replicated the exact same setpoint and disturbance

B Real plant
Stage 1 Stage 2

Stége 3

0 |— — - Operating point « Setpoint T(mt‘
100 200 300
b 8
65 2 : : ‘
Stage 1 Stage 2 Stage 3
60
xS 99
501
45+
40+ . . )
0 100 200 300
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Figure 5. Dynamic behavior of the system during experiment of determining controller parameters:
outlet temperature and corresponding controller output signal; a), ¢) for model experiment;
b), d) for real plant experiment
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sequence, but at a reduced flow rate of F=2.51/
min. According to the plant model Equations 14
and 15, changing the flow rate significantly alters
the object’s gain, time constants, and transport
delay. This serves as a parametric disturbance,
designed to test the system’s robustness.

The calculated performance indices for both
tested scenarios are summarized in Table 1.

In the nominal operating conditions, the pre-
dictive EDMC controllers demonstrated a clear
superiority over classical PI controllers, par-
ticularly during the setpoint tracking phase. The
EDMC tuned with the S-C method achieved the
lowest normalized /AE index (IAE / IAE =
0.43), fastest settling time (z, = 63 ) with almost
no overshoot (Mp = 0.31%) . Among the classi-
cal approaches, the PI tuned with CHR 20% pro-
vided the most similar setpoint tracking, although
being nearly twice as slow as the S-C EDMC. It
is worth noting, however, that aggressive perfor-
mance of the S-C method comes at the cost of

A F =3 1/min

T, : 17.0 — 15.0 °C

high control effort (max Au = 34.05%). In con-
trast, the K-M method implemented in the edge
autotuning algorithm provided a highly balanced
response: it outperformed the PI controllers while
maintaining very conservative control increments
(max Au = 4.93%). During the regulatory phase,
the EDMC again provided the best disturbance
rejection, limiting the maximum temperature
overshoot to M, = 0.825 °C and minimizing the
error integral (IAE / IAE = 0.423) (Figure 6).
The addition of a parametric disturbance
in the form of a flow rate change significantly
affected the control quality results. As the plant’s
gain and delay increased, most PI controllers
experienced significant performance degradation.
Conversely, the predictive controllers exhibited
robustness against the model-plant mismatch.
Although the altered dynamics caused a slight
performance drop, the EDMC controllers main-
tained stability and high control quality. The S-C
EDMC achieved the lowest [AE / IAE, _in both,
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Figure 6. Comparison of PI and EDMC control: a) outlet temperature at nominal operating point;
b) outlet temperature at parametric disturbance; c¢) corresponding controller output signal
at nominal operating point; d) corresponding controller output at parametric disturbance
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Table 1. Performance indices for the PI and EDMC comparative research

Disturbance rejection phase
Parameter 7 AI;EW t, S Mp, % max u max Au 7 AI;me t, S M,,°C max u max Au
F=31l/min
PI (Z—-N) 0.686 156.1 8.43 65.51 14.04 0.647 166.8 0.996 61.75 0.112
PI(C—-0C) 0.899 248.7 47.44 7091 15.03 0.449 1229 0.951 63.19 0.149
PI (CHR 0 %) 1.0 192.3 0.0 57.88 5.51 1.0 192.3 1.223 6145 |0.052
PI (CHR 20 %) 0.652 114.7 13.35 62.95 9.48 0.499 112.6 1.062 61.94 |0.092
DMC (S—-0C) 0.43 63.0 0.31 95.46 34.05 0.423 113.3 0.825 61.47 0.154
DMC (K — M) 0.641 93.0 2.33 63.81 4.93 0.611 139.3 1.043 61.55 0.091
F =251/min
PI(Z—N) 0.526 160.9 23.08 57.48 14.04 0.642 106.7 0917 51.73 0.098
PI(C—-0C) 1.0 - 66.69 62.95 15.01 0.619 197.3 0.732 52.79 0.111
PI (CHR 0 %) 0.583 107.1 0.0 49.29 551 1.0 169.4 1.14 51.04 0.046
PI (CHR 20 %) 0.583 191.1 29.21 55.08 9.48 0.607 112.3 0.988 51.91 0.081
DMC (§—0C) 0.327 96.9 8.31 95.46 34.05 0.426 106.0 0.766 61.47 0.154
DMC (K- M) 0.471 154.8 7.42 63.81 4.93 0.658 129.9 0972 61.55 0.09

the setpoint tracking phase and disturbance rejec-
tion phase, maintaining the lowest overshoot
caused by the inlet temperature change. Again,
the K-M tuning method for the EDMC provided
a balanced response slightly affected by the para-
metric disturbance.

The conducted experiments validate not
only the performance of the EDMC algorithm
itself but, more importantly, the correctness and
reliability of the proposed automatic parametri-
zation architecture.

As demonstrated in the first experimental
stage, the edge device successfully executed the
entire autotuning sequence autonomously. The
algorithm appropriately applied the control step
and accurately acquired the step response. The
DMC algorithm parameters derived within the
Python-based Docker application proved highly
reliable, ensuring robust control when trans-
ferred to the cooperative PLC. This drastically
lowers the barriers to adopting predictive con-
trol in industry.

Furthermore, from a real-time systems per-
spective, a critical advantage of the EDMC
architecture is its immunity to communica-
tion latency. In typical computation offloading
strategies, the control variable is calculated
remotely at each sampling instant, meaning
network delays and jitter directly degrade
closed-loop stability. In contrast, the proposed
edge device transmits the calculated controller
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parameters using MQTT only once, strictly
after a tuning procedure. Consequently, trans-
mission delays do not influence the ongoing
control stability.

From an algorithmic perspective, the inte-
gration of the EDMC controller provided sig-
nificantly faster, and more precise setpoint
tracking than classical PI control. More impor-
tantly, the robustness analysis demonstrated
that the EDMC algorithm effectively compen-
sates for parametric disturbance. Furthermore,
the obtained results highlight the practical
trade-offs in controller tuning. While the S-C
method provided the fastest response, it result-
ed in aggressive control increments that could
lead to premature wear of physical actuators.
In contrast, the K-M method proved to be an
industrial compromise. It delivered robust
disturbance rejection and rapid setpoint track-
ing while maintaining conservative control
increments.

Addressing the critical aspect of energy effi-
ciency, the EDMC system also demonstrated a
clear advantage over classical PI algorithms. To
evaluate this, a control effort index I, was intro-
duced. This index is defined as the integral of
the squared control signal over the settling time
horizon [0; 7 ]:

(19)

L, =

fo L2 de
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Table 2. Control effort index during the setpoint
tracking experiment

Parameter L/l max
PI(Z - N) 0615
PI(C—C) 1.0
PI (CHR 0 %) 0.718
PI (CHR 20 %) 0.464
DMC (S—C) 0278
DMC (K — M) 0369

In the context of the investigated thermal
plant, where the control signal is equal to the
PWM duty cycle of the electric heater, minimiz-
ing this integral directly correlates to reduced
electrical energy consumption. The normal-
ized I /I values, calculated for the nominal
setpoint tracking phase and shown in Table 2,
reveal significant differences between the eval-
uated systems. The EDMC algorithms reduced
the energy index, outperforming classical PI
controllers. This energy-efficient profile further
emphasizes the practical usage of the proposed
EDMC architecture.

CONCLUSIONS

The EDMC method proposed in the publica-
tion shows how the combination of an edge sys-
tem with a distributed DMC algorithm partially
implemented in a PLC controller allows for the
use of a highly efficient control algorithm in
the direct control layer. It is worth emphasiz-
ing that predictive algorithms are almost always
implemented in the upper layer of the control
system. The proposed approach extends the
field of application of advanced control tech-
niques, which significantly improve the quality
indicators obtained in the system. On the other
hand, this network architecture provides faster
system response and more effective monitoring
of transmitted data compared to cloud-based
solutions, where information is transmitted
over long distances to datacenters and is more
vulnerable to attacks. The use of an industrial
computer ensured the reliability, flexibility, and
scalability of the solution. These factors deter-
mine the possibility of implementing innovative
solutions, such as those presented in the publi-
cation, in industrial environments.

While the proposed solution proved highly
effective, certain limitations exist. The cur-
rent edge-based autotuning sequence relies on
a step-response experiment, which temporar-
ily disrupts the nominal operation of the plant.
Moreover, the heuristic tuning methods provide
a suboptimal solution, which might require fur-
ther fine-tuning for highly nonlinear processes.

Consequently, future research will focus
on developing the closed-loop identification
methods that can continuously update the plant
model without requiring explicit control signal
step changes. Additionally, the integration of
adaptive and learning-based MPC algorithms
into the edge device will be explored, aiming to
further enhance the system’s performance.
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