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ABSTRACT The combined use of Extreme Gradient Boosting (XGBoost) algorithm, one of the machine
learning (ML) methods, and a generalization of Hermite-Biehler theorem to obtain a novel PID controller
that will ensure robustly stable and optimized operation of a micro thermoelectric cooler (Micro-TEC), which
is the main part of a Polymerase chain reaction (PCR) device, is a unique approach of our study compared to
previous studies. Therefore, we first established a mathematical model of the micro-TEC by making real-
time measurements and then, a new data set was created to find the optimum parameter values of PID
controller, and finally, XGBoost Hyperparameters with GridSearchCV was used for the first time to predict
PID controller parameters. The XGBoost algorithm achieved 97% training success and 91% test success in
estimating the parameters of the PID controller. Moreover, the novel controller developed using the XGBoost
algorithm in this study has an impressive speed of 3 seconds. Additionally, our proposed method was
compared with various metaheuristic optimization algorithms in terms of error percentage. The error
percentages of XGBoost, the equilibrium optimization, the particle swarm optimization and the artificial bee
colony optimization algorithms were found to be 0.4%, 1.1%, 3.7% and 11.1%, respectively. It is observed
the settling times of micro-TEC with ML-PID controller for all five PCR cycles are 4.86, 44, 83.4, 123 and
162.5 seconds, respectively, and the overshoot values are below 5%. The proposed method gave the smallest

settling time, error and overshoot percentages compared to these metaheuristic optimization algorithms.

INDEX TERMS XGBoost algorithm, GridSearchCV, Thermoelectric cooler, Machine learning

I. INTRODUCTION

One of the most important and widely applied technologies
in medical and biological research is the polymerase chain
reaction (PCR), which was developed by Mullis et.al [1].
Polymerase chain reaction (PCR) device, which has become
increasingly important during the Covid 19 pandemic, is
used to detect genes using appropriate enzymes under cycle
temperature values [2], [3]. Thermocyclers, commonly
known as polymerase chain reaction equipment, are
laboratory equipment that enable quick replication of
tremendously small amounts of DNA in a short period of
time [4]. A PCR test device typically consists of a
thermoelectric cooler (TEC) and several reaction chambers
[5]. In PCR device, a thermoelectric cooler maintains the
temperature of the DNA tubes at some specific values (90°C,
55°C and 72°C) for a predetermined amount of time.
Denaturation, renaturation and extension are three steps of a
periodic cycle performed using PCR temperature control
technology [6]. TEC is used to quickly perform these three-
stage heating-cooling processes [7].

Robust and optimized controller design is essential to
achieve a precise temperature control of the PCR device.
Most studies in the literature have used PID or fuzzy logic
based PID controllers for temperature control in PCR device
[8]-[13] and their temperature control system models have
been developed [8]-[11]. Ai-Xian et al. provided the fuzzy
auto-adjust PID control method and the hardware and
software design of the PCR temperature control system in
comparison to the highlighted system characteristics [12].
Singh et al used Ziegler-Nichols tuning methods to find the
PID controller's settings of the temperature control
system [13]. Li et al. developed a fuzzy PID controller and
compared it with a lead correction controller in order to
optimize the thermal cycler performances of the microfluidic
PCR system [14]. Dinca et al. presented the development of
a PID controller that was used to swiftly and precisely
manage the temperature of a PCR micro reactor in lab-on-a-
chip research [15]. After determining the design objectives
and considering the hardware constraints, the controller was
developed using the root locus method to create a two-
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degree-of-freedom continuous time controller and place the
dominant pole pair [15]. Kim et al. created a continuous flow
polydimethylsiloxane based microfluidic PCR using two
heat block zones and a PID temperature control system as a
universal platform for gene amplification [16]. It was
obtained better results using a PID controller than using a
manual method. [16]. Katja et al. developed the planning,
development, and testing of a real-time, affordable, portable
PCR device that may be used in resource-constrained and
emergency medical settings [17]. Khnouf et al. designed and
optimized the Rayleigh Bénard convection-based PCR
microchip. In order to perform PCR effectively, the heater
was managed using a PID controller [18]. Liu et al. published
an adaptive PCR temperature management algorithm based
on hybrid fuzzy PID controller, which parameter values were
determined by the relay self-tuning algorithm [19]. Jun et al.
proposed a smith fuzzy PID controller by fusing the Smith
predictor with a fuzzy PID controller in order to combat
models with big inertia and large hysteresis with the
application of the heat transfer theory [20].

In the literature, apart from classical PID and fuzzy logic
based PID control strategies, other methods have been
proposed for temperature control of various PCR devices.
For example, a nucleic acid amplification system was
developed based on PCR [21]. For the control of this system,
the authors suggested the integral separation PID algorithm,
and a support vector regression (SVR) based intelligent
temperature control technique [21]. Nasser et al. proposed
the adaptive fuzzy logic controller and bang-bang as a hybrid
controller, the temperature control system in PCR is
managed to give good precision at the fastest rate of change
of temperature possible [22]. Shan et al. constructed a small
thermoelectric cooler-based continuous temperature control
system, and this study has proposed a novel method for
figuring out the system's transfer function since the system
is a big time-delay control system [23]. Zhang et al.
discussed fuzzy neural network controller in PCR reactor
[24]. Jun et al. proposed an experimental control algorithm
based on the predicative control techniques after examining
the characteristics of a PCR temperature control system [25].
In addition, various optimization techniques are widely used
for controller designs of many systems in the literature.
Ekinci et.al proposed the controller system Aquila optimizer
via chaotic local search and modified opposition-based
learning strategies for vehicle cruise control system [26]. On
the other hand, a new goal function and modified Aquila
optimizer algorithm were developed to construct a PIDD?
controlled automatic voltage regulator system effectively
[27]. Tabakh and Tiryaki proposed an artificial intelligence
method for predicting the optimum parameters of
proportional-integral-derivative controller in an automatic
voltage regulator system [28]. Snasel et al. proposed an
integrated optimization technique for power system
stabilization that combines the weighted mean of vectors
optimizer with chaotic-orthogonal-based learning and basic

Gaussian strategies for a single-machine infinite-bus system
in the power system stabilizer model [29].

PCR temperature control systems (TEC) are usually
mathematically modeled in the form of a transfer function,
including the temperature delay of the system due to heat
transfer [8]-[12]. The Pade approximation allows a rational
transfer function to modify a pure time delay. However,
obtaining a set of PID controller parameter values when
employing low-order Pade approaches for the time delay can
result in unstable behavior of the closed-loop system. [30],
[31]. A PID controller parameter set that is roughly near to
the real set can be achieved by raising the order of the Pade
technique, but this comes with a higher algebraic complexity
that must be overcome [31]. To overcome these problems
and find a complete set of PID controller parameters, a
generalization of the Hermite-Biehler theorem is used in this
study. The characteristic polynomials of the time-delay
systems are known as quasi-polynomials. This is because
quasi-polynomials have non-finite numbers of roots,
stability analysis is quite challenging. Hermite-Biehler
theorem for time-delay systems cannot be applied directly,
but stability analysis can make use of a generalization of the
theorem based on certain fundamental Pontryagin ideas for
quasi-polynomials [31]-[34]. Furthermore, advanced control
methods are used for stability analysis and applied to the real
system [35]-[36].

The contributions of this study are summarized as follows:

Firstly, the mathematical model of the temperature
management system of polymerase chain reaction (PCR)
device using semiconductor cooler was obtained as a time-
delayed transfer function using heat conduction theory to
develop the dynamic differential equation of heat
conduction. Subsequently, using the MATLAB system
identification Toolbox, the parameter values of the transfer
function with real-time measurements of the micro-TEC
structure developed in our previous article [37] was obtained.
In PCR device, extreme temperature changes can lengthen
both the overshoot and the time it takes the TEC system to
stabilize, making stability control extremely difficult. This
paper combines stability and optimization in order to provide
a PID control plan with the qualities of rapid temperature
increase and fall, minimal overshoot, high precision, and
high robustness. For this purpose, PID control of a
thermoelectric cooler in the PCR device is proposed using a
method combining stability and machine learning algorithm.
A generalization of the Hermite-Biehler theorem is used to
identify the regions of the PID controller that make the
system robustly stable in closed-loop. In this article, a
generalized Hermite-Biehler theorem is used to restrict the
search space to a stable region, while machine learning is
used to determine the optimal parameters of the PID
controller, which makes the TEC system robustly stable.
Therefore, a new dataset is obtained to compute the best
value of the PID controller parameter that stabilizes the
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system. This dataset is constructed from the values at the
stability region determined by the generalized Hermite-
Biehler theorem. Then, the XGBoost algorithm [38] from the
machine learning (ML) method is used to determine the best
parameter values of the PID controller in this study.
GridSearchCv in the scikit-learn library was used to perform
the hyperparameter optimization of the XGBoost algorithm
used in this study. GridsearchCV measured the model
performance separately for each possible value of the
predetermined parameter values and for each possible value
of these parameters and identified the hyperparameters with
the highest values. Using the determined hyperparameters,
the model successfully accomplished the task of estimating
the parameters of the PID controller. XGBoost
Hyperparameters with GridSearchCV were used for the first
time to predict PID controller parameters. To accomplish
speedy analysis, the PCR procedure should be completed as
quickly as possible. The fact that the RMSE, MSE and R?
values representing the performance criterion values are
0.0685, 0.004 and 0.91, respectively, shows that our
proposed method makes an accurate prediction. Moreover,
the estimation time of the parameters of the PID controller
took 3 seconds. Thus, it is observed that the XGBoost
algorithm predicts quickly and accurately.

In this paper, a machine learning method based PID (ML-
PID), several metaheuristic optimization algorithms known as
the equilibrium optimization based PID (EO-PID) [39], the
particle swarm based PID (PSO-PID) [40], the artificial bee
colony based PID (ABC-PID) [41] are all utilized to obtain the
controller settings. By applying optimal PID controller
parameters to the system, the transient response performances
of the output signals are compared. One of the reasons behind
the use of various controller techniques is to determine the
most effective method for system control. These processes
help save time and reduce production costs. From the
simulation results, it has been shown that the ML-PID
controllers applied in the TEC system are compatible with the
changing system conditions. Thus, the TEC system’s
performance can be observed and improvement, while errors
can be minimized through optimization before production.

This paper is structured as follows: The mathematical
model of the PCR device's temperature management system
is described in Section 2. In Section 3, a generalization of the
Hermite-Biehler theorem for the TEC in the PCR device is
used to determine the region of stabilizing PID parameters.
Determining the best ML-PID controller parameter from the
data collection system in the Python environment is
explained in Section 4. In Section 5, the fundamental phases
of the XGboost algorithm are described in depth. The
simulation results for the TEC system with PID controllers,
which are optimized with the machine learning (ML), EO,
PSO, ABC and ZN algorithms are compared in Section 6.
Some concluding remarks are included in Section 7.

Il. MODEL of TEMPERATURE CONTROL SYSTEM
on PCR

The thermoelectric coolers (TEC) are the basic elements for
temperature control of PCR. A TEC unicouple is basically
formed from n- and p-types TE materials connected via an
electrode, and a ceramic is placed on top, and bottom of the
electrode as shown in Figure 1 [37]. The heating and cooling
capabilities are mainly regulated by the current circulating
through its circuit. Additionally, altering the direction of the
loop current inverts its cold and hot terminals, facilitating swift
heating and cooling of the blocks within the PCR device.

Heat absorption

— Solder

N P
leg leg
— —3 Electrode
I Ceramic I

Heat dissipation

FIGURE 1. The temperature control system of PCR.

The Seebeck, Thomson, and Fourier effects have relatively
little influence on the entire system, hence only the Peltier and
Joule effects are considered in the analysis of the temperature
control module [9]. The Peltier cooling is given as:

Qp = yn 1 1)

where 1, is Peltier coefficient and I is current. When an
electric current flows through a conductor, the conductor's
resistance obstructs the current flow and raises the
conductor's temperature. The heat produced by the Joule
effect is given as follows.

1 2
Jn=51"R; )
R; is the resistance. The Joule effect strongly depends on
the electric current and internal resistance. The heat transfer
by conduction loss is given as:

Q =K —Ty) 3)

where T; denotes the temperature at the semiconductor
cooler's hot end and T, denotes the temperature at the cooler's
cold end, K denotes the cooler's thermal conductance.
Equation (4) provides the heat release by the TEC.
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1
Q = Iy, I+512Ri — K (T, = T,) 4

Equation (4) can be expanded using Taylor series:

40 = f'(DAI +f”(é#+ ®)
Al=1 -1 ©6)

where the function f is a function of the connection that
relates Q and I. The current | is constant, hence A7 is minimal.
When the higher order term is neglected, equation (5) can be
simplified as follows:

40 = f'(DAI = ko Al ©)

where k, is the coefficient of heat exchange. Equation (3)
can be represented as

_ AT
Q= )

using the heat transfer concept. While AT is the temperature
change, 0 is the thermal resistance of the thermoelectric
module. If equation (4) is rearranged, equation (9) is given
as:

©)

dT

o+ Q 9)

Q=C¢C

Temperature
Sensor

where C is the heat capacity. If equations (5), (6), (7) and (8)
are substituted in equation (9), we have

dAT AT

Catae
The Laplace transform of the last equation gives the
following transfer function of the system [8].
AT kg  k (11)

GO(S)zE_CS+1_Ts+1
9

The ultimate transfer function is given by equation (12) when
the temperature lag of the system brought on by heat transfer
is taken into account, adding the delay time L in the above
formula.

—Ls (12)

Go®) = 757 7€

In this study, the mathematical model of the micro-TEC,
which we developed in [37], is obtained as a time-delayed
transfer function by analyzing the heat conduction theory and
establishing the dynamic differential equation of heat
conduction and is given in equation (12). To find the
parameter values of equation (12), data were first taken from
the experimental setup shown in Figure 2. Figure 2 consists
of power supply, relay, micro-TEC, temperature sensor,
current sensor and microcontroller. Temperature values in the
TEC system at different voltage values were recorded with
the microcontroller.

FIGURE 2. Experimental setup.
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Relays were used to change the polarity of the data coming to
the heating-cooling elements and a switch was used to control
the application time of the current coming from the source.
Then, MATLAB system identification (SI) toolbox [42]-[43]
was used to determine the parameters of the data obtained
from the experiment. Using the experimental data, the
mathematical model was created for this study with the help
of MATLAB system identification toolbox. The transfer
function of the control system of the thermoelectric model
used in the PCR device is given as follows:

60 (13)

— —1.5s
Go®) = 50255+ 1¢

By using the MATLAB system definition toolbox, the
transfer function with a validation percentage of 99.7% given
in equation (13) was obtained.

Il. STABILITY REGION CALCULATION BASED on
HERMITE-BIEHLER THEOREM

In this section, the time-delayed mathematical model of TEC
given by equation (13) is used to derive the set of stabilizing
PID parameters using a generalization of the Hermite-
Biehler theorem. Without knowing a real polynomial's roots,
the traditional Hermite-Biehler Theorem can be utilized to
calculate its Hurwitz stability [31], [32]. The classical
Hermite-Biehler Theorem states that the necessary and
sufficient conditions for a given real polynomial to be
Hurwitz stability are that a certain interlacing property is
satisfied.

Theorem 3.1. (The Classical Hermite-Biehler Theorem)
[31]: &(s) =&y + 8ys+....+8,s™ is an n-degree real
polynomial. If we write the polynomial &§(s) as follows,
8.(s?) and s8,(s?) are the components of §(s) formed by
the even and odd powers of s, respectively.

() = 8(s?) + 55(s?) (14)

If s=jw is substituted in equation (14), it becomes
S(jw) = p(w) + jq(w). Here, pw) =68.(—w?) and
q(w) = wé,(—w?). While w,,, w,,, ... denote non-negative
real zeros of §.(—w?), w,,, W,,, ... represents the non-
negative real zeros of &,(—w?2). If the following necessary
and sufficient conditions are satisfied, the 8(s) polynomial
provides interlacing property and is Hurwitz stable.

i.) The coefficients of the highest order terms of §,(—w?)
and §,(—w?) have the same sign.

ii.) All the zeros of §,(—w?) and §,(—w?) are real and
distinct, and non-negative real zeros satisfy the interlacing
property as 0 < w,, < w,, < w,, <w,, <

A. DETERMINATION OF STABLE REGION FOR PID TYPE
CONTROLLER USING A GENERALIZATION OF FOR
QUASI POLYNOMIALSIALS

First, the Ziegler-Nichols step response approach is
presented in this section for setting PID controller parameters

in time delay systems. Then, a generalization of the Hermite-
Biehler Theorem for quasi-polynomials is examined. Figure 3
depicts a single input-single output control system controlled
by a PID controller.

In the PCR temperature control system, G, (s) expresses the
mathematical model of equation (12), and F(s) is the PID
controller in Figure 3. The PID controller is given as follows:

k.
F(s) =k, + ?’ + kgs (15)

where, kp, k; and kg4 are the proportional, integral and
derivative gain parameters of the controller, respectively. In
the Ziegler-Nichols step response method, the controller
parameters are determined according to the values obtained
from the open loop step response of the system [44]. By using
aand L parameters, derived from the plant's step response, this
method first characterizes the plant [31], [44].

v =

F(s) Gy(s)

FIGURE 3. Closed-loop system with PID controller.

The parameter a is defined as follows.
L
=k— 16
a=k T (16)

The PID controller parameters can be generated using the
following formulas after determining a and L:
1.2 0.6 0.6L (17)
kp_a' ki_aL' a7 q
It is aimed to analytically determine the kp, k; and k; PID
controller parameters that stabilize the closed loop system in
Figure 2. If the time delay L is equal to zero, the closed-loop
characteristic equation &§(s) is given as follows.

8(s) = (T + kkg)s? + (kk, + 1) + kk; (18)

To ensure that the plant is stable in an open-loop, let us
suppose that k and T are positive. Then, the following
conditions can be written for the PID controller parameters

ki>0, k,>-1/k,  kq—T/k (19)

When the time-delay is different from zero, i.e., L # 0, the
closed-loop characteristic equation of the time-delay system is
as follows:

8(s) = (kk; + kkps + kkgs*)e™ + (1 4+ Ts)s (20)
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Equation (20) is a quasi-polynomial and its number of roots is
infinite. To find the stabilized PID controllers, we rewrite
equation (20) in the following form as

5*(s) = e™8(s) = kk; + kky,s + kkgs* + (14 Ts)sels

(21)
Substituting s = jo and e/*® = cos(Lw) + jsin(Lw), we
have

§"(jw) = 6,(jw) +jb;(jw) (22)
where
8 (w) = kk; — kkyw? — wsin(Lw) — Tw?cos(Lw)  (23)
§i(w) = wlkk, + cos(Lw) — Twsin(Lw)] (24)

T > 0 for the system to be open loop stable. As seen from
equation (23) and (24), while k; ve k,affect 6,(w), k,

affects only 6;(w). Substituting w = f into (23) and (24), we
have,

8.(2) = kk; — 422 — - zsin(z) — > z2cos(2) (25)
_z T .
6i(z) = I kk, + cos(z) — Zzsm(z) (26)

From 6;(z) = 0, the following two equations can be
written for the roots of the imaginary part:

z=0 (27)

T
kk, + cos(z) — zzsin(z) =0 (28)

We see that one of the roots of §;(z) is z, = 0. Other roots
are difficult to find, because (28) needs to be solved
analytically. In this case, we can plot (28) and examine the
result graphically. The plot kk, + cos(z)/sin(z) is
intersected by the %z line. If the z values at these intersections

are represented as «; (i =1,2,....), we can write the
following for the first z = a, € (0, ) [31].

kk, +cos(a;) T (29)
T T O _ e,
sin(a,) L
At z = ay, the 2z line is tangent to the plot of <2r<%@
L sin(z)

Taking the first derivative of (29) with respect to z = a;, we
calculate

T
1+ kkycos(ay) = —Zsin2 (a1) (30)
If we rewrite (29) for z = @, € (0, ), we find

T
kk, = Zalsin(al) — cos(ay) (31)

Substituting (31) in (29), this allows us to obtain the
following equation.

T
1+ Zal sin(a;) — cos(ay) | cos(ay)

= 1- coiz(al) + zalsin(al)cos(al)

sin2(a4)

=— % sin?(a;) (32)

When equation (32) is rearranged, we obtain

T ) T
Zalcos(al) = sin(a;) <— I~ 1) (33)

We obtain a; € (0,m) as a solution of the subsequent
equation from this last equation.

(34)

Thus, the stabilizing PID gain regions for first-order
systems with time delays as in (12) can be found using the
following theorem [31].

Theorem 3.2 [31]: To solve the PID stabilization problem
of an open-loop stable time-delay system with transfer
function Gy(s) asin (12), withT >0, k > 0and L > 0, the
set of k,, values is found with the following condition. &;(w)
has only real roots if and only if

1 i[r .
= <kp <y [Z a;sin(a;) — cosal] (35)

where a; is the solution of the equation

T
tan(a) = —T—+La (36)
in the interval (0, ).
.
After calculating the k,values from Theorem 3.2, to find the

k; — kg regions for z£0, let us rewrite §,.(z) as follows:

k L? L. T
6,(2) = 22 kg4 + ;ki - E(sm(z) + chos(z))
(37)

From (37), for z#0, the real part &,.(z) can be rewritten as

6.(z) = gzz[—kd + m(z)k; + b(2)] (38)
where
m(z) = ;—z, b(z) = kL—Z [sin(z) + gzcos(z)] (39)

Thus, the following Lemma can be given to find the
k; — k4 regions [31].

Lemma 3.1: The necessary and sufficient conditions on
k; and k, for the roots of 6,(z) and §;(z) to interlace for
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each value of k, in the range indicated by (35) are the
following infinite set of inequalities.

ki >0

ky > myk; + by

kd < mzki + bz (40)
ky > mak; + bs

where the parameters m; and b; for j = 1,2,3,... are given
by

m; = m(z)) (41)
.

In this article, a generalization of the Hermite-Biehler
theorem is employed to compute the set of stabilizing PID
parameters using the time-delayed mathematical model of
micro-TEC provided by equation (13). The micro-TEC
transfer function parameters are k=60, T=20.25 and L=1.5.
We need to determine the answer to the tan(a) =
—0.931034« using equation (36) in Theorem 3.2. To create
the graphs in Figure 4, we graph tan(a) and —0.931034«
in this case. From Figure 4, we obtain a; = 2.05284 by
solving tan(a) = —0.931034 in the interval (0,7). From
(35), the §;(w) has only real roots if and only if

—0.0167 < k, < 0.416983 (43)

20

10 1
o Fid 2 3r ¥
o ——]
a‘
rg oy —0.931034 & F
“10 a3 ]
@y

-z0

-20

o 3.'5 5 'J.IE 10 13'.5 1s
FIGURE 4. Plot of tan(a) = —0.931034«a

175

Calculating the PID controller parameter k, using
equations (16) and (17), we have k,, = 0.27. Let's set the
PID controller parameter k,, to value of 0.27, which is within
the interval in equation (43). For k, = 0.27, equation (28)
takes the form

16.2 + cos(z) — 13.5zsin(z) = 0 (44)

If we plot 16.2 + cos(z) and 13.5z sin(z) in the previous
equation to find the positive real roots of (44), we get
Figure 5. As seen in Figure 5, the 16.2 + Cos(z) and
13.5z sin(z) curves intersect. When we calculate a few of
the positive real roots of equation (44) from Figure 5 and
arrange them in ascending order of magnitude, we have

z, = 1.2764,z, = 2.7105, z; = 6.4808,z, = 9.3034

(45)
Using (41), (42) and (45), we calculate the parameters
m; and b; forj = 1,2,3,4:

m, = 1.38103 b, = —0.11667

m, = 0.306264 b, = 0.302762 (46)
ms = 0.0535698 b, = —0.331686

m, = 0.0259956 b, = 0.334692

when the following inequalities are satisfied, interlacing the
roots of the real and imaginary parts of §*(jw) occurs for
k,, = 0.27 according to Lemma 3.1:

ki >0
kg > 1.38103k; — 0.11667
kg < 0.306264k; + 0.302762 (47)

k, > 0.0535698k; — 0.331686
kg < 0.0259956k; + 0.334692

Figure 6 depicts the borders of these regions in (47)

——16.2+cos(2z)’

2.7105¢ 5 6.4808
2 Zy Z3

Pl

N
9.3034\ 15
Z4

P —— 13.52sin(z)

1.2764 2.7105 5 6.4808

FIGURE 5. Plot of 16.2 + Cos(z) and 13.5z sin(z)

9.3034 10 15
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FIGURE 6. Stability Boundaries and Stability Region,

In Figure 6, kg=1.38103k;—0.11667, k,=
0.306264k; + 0.302762, k; = 0.0535698k; — 0.331686
and k; = 0.0259956k; + 0.334692 equations from (47)
are shown in blue, red, purple and green colors, respectively.
Unstable pole numbers for each region formed with the help
of the inequalities in (47) in the k; and k, plane was written
on them in Figure 6. The region where the number of
unstable poles is zero gives all the k; and k, parameter
values of the PID controller that will stabilize the TEC
system.

IV. CONTROLLER IMPLEMENTATION

After obtaining the stability region of PID controllers by a
generalization of the Hermite-Biehler theorem, a dataset is
created to find the parameters of the best PID controller in the
stability region. Then, the best PID controller parameters are
obtained from the dataset with a machine learning method
based PID (ML-PID) controller. In the proposed method,
Figure 7 illustrates a data collection system. As depicted in
Figure 7, it continuously records the set value for the TEC
system to be controlled, along with error (e), the derivative
of the error (de), kp, ki, kd, and output values. The value
ranges for the controller parameters are determined using the
generalized Hermite-Biehler theorem method, which is an
important aspect of this study. Thanks to this approach, limit
values for the controller parameters that stabilize the micro-
TEC system have been determined. Once the stability region
was determined, the TEC system operated within this region
for a duration of 200 seconds with a sampling time of 0.1.
The PID controller parameters were collected with kp fixed
at 0.27 in MATLAB environment. As a result of the data

collection simulation, 804 data were obtained within the
stability region. The data set consists of e, d, kp, ki, kd, and
output values. The best PID controller parameter was
determined from the data set using machine learning
algorithm in Python environment.

V. MATERIAL METHOD

Machine Learning works with numerical and categorical
data and is divided into types according to whether the data
it uses is labeled, unlabeled, or hybrid [45]. In this study, all
values in the data set are labeled and numerical. Therefore,
it has been taken to use a supervised learning method when
selecting the model to be established and the XGBoost
algorithm was used. The XGBoost algorithm is a method
derived from the Gradient Boosting algorithm [46].
Basically, it works with decision tree logic like the Gradient
Boosting algorithm, but it uses bagging and boosting
methods. Both methods prevent overfitting and underfitting
of the model and improve model performance [45]. The
bagging expression extracts samples with k elements from
the data set consisting of k data and introduces them to
separate trees, thus creating a collective learning model. For
the result, information is obtained from all tree structures.
Boosting is basically the combination of weak models to
form a strong model. Within the forest structure created by
decision trees, each individual tree represents a distinct
model. These trees learn from the errors of others and
collectively make decisions, effectively engaging in an
optimization process. For the final result, information is
obtained from all tree structures. In the forest structure
formed by decision trees, each tree has a different model.
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FIGURE 7. Data Collection System.

The aim of the XGBoost algorithm is to minimize the where T: number of leaves, y and 1 are tree hyperparameters,
objective function at each iteration. Mathematical model of  w: Information weights on leaves.

the XGBoost algorithm is given as The estimated value can be written as follows:

Obj Function = Z Iy, 9;) + Z 2(f) (48)

where, ¥, y and Q(f) are estimated value real value and
complexity structure of the decision tree, respectively. The
first term of equation (48) is the training loss. The training loss Substituting (51) in (48), we obtain

determines how well the model adapts to the data during

training. The second term given determines the regularization.

The complexity and loss function of decision trees in XGBoost Obj Function® = Z [l(yl, l(t 1)) + g:fe (x)

¢
yi(t) = ka(xi) = yi(t_l) + £ (x) (51)
=1

is as follows: l=1
D hf2 |+a 52

Loss Function = L(0) = ¥;(9; — v;)? (49) *3 ifE ) [+ 2 (52)
Complexity of Tree 9i = ay(t—l)l()’i,f’(t_l)) (53)

= 0(f(®) , X
1 <& hi = 03e-nl(yu9¢™) (54)

— T+ EAZ w? (50)

= where g; is first order derivative of the loss function and h; is

second order derivative of the loss function.
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(52) is rearranged, we have

T
1
Obj Function® = Z [ijj + E(HJ + A)W]-Z]
=1

+T (55)

szzgi : H,-=Zhi (56)
i i

Equation (55) is the sum of quadratic functions from 1 to T.
The value of each quadratic function and the value of the
optimal weights are given as the following term

For each quadratic Function

1
w; = —
J Hi +2

where w;" denotes the optimum weight value. Substituting
(57) and (58) in (48), we obtain

min Obj = —

N =

T 2

E Syt (59)
LH+4 7

j=1

Equation (59) is the minimum objective function. Equations
(48) to (59) represent the mathematical model of the learning
process of the XGboost algorithm. During training, the model
is planned to estimate the controller parameters ki and
kd according to the system output (Y), error (e), derivative of
the error (de) and kp values, each of which are attributes. The
flowchart of the learning phase of the XGBoost algorithm is
illustrated in Figure 8. When Figure 8 is examined step by step,
the main dataset, consisting of a total of 804 rows of data, was
separated for training and testing by identifying labels. 70% of
the total data was designated as training data and 30% as test
data. The test and training data were determined randomly.
While defining the XGBoost algorithm, which determines the
originality of the study, the most appropriate parameter values
were added to the model by making the necessary
hyperparameter  settings with ~ GridSearchCV. These
hyperparameters are 'learning_rate’, 'max_depth’,
'n_estimators' and 'base_score’, respectively.

The learning_rate hyperparameter expresses the weights of the
trees added during ensemble learning, in other words, the
weights of the sub-algorithms. Small learning rates cause trees
in the community to learn in more detail. It is used to prevent
the model from overfitting.

The hyperparameter max_depth refers to the maximum depth
of each tree. It determines the number of branches in the trees,
in other words, the ability to learn the complexity of the model.

Increasing this parameter too much will force the model to
memorize rather than learn, causing it to overfit.

The n_estimators parameter determines the number of trees to
be added to the model. More trees generally provides better
performance, but increases computation time.

The base_score parameter determines the base estimate value.
It is used in cases where the data set and the data are unevenly
distributed and improves the performance of the model.

The GridSearchCV method used in this study tried all possible
results for the hyperparameters given above one by one and
obtained the most appropriate parameter values for the
XGboost model. Thus, the model optimized itself by learning
without memorizing. It is time for the model that obtains the
best hyperparameter values to show performance. For the
uniqueness of the research, the model was requested to learn
two different correlation results simultaneously instead of
learning a single correlation for the data during training. For
this purpose, MultiOutputRegressor was defined in the base
XGBoost model. The model trained itself with the data
allocated for training and evaluated itself with test data that it
had not seen before. In the last step of the algorithm,
performance criteria are calculated on how well the machine
learning models have learned and adapted to the data obtained.

Performance criteria are used to evaluate the efficiency of
machine learning algorithm. In this study, correlation
Coefficient (R?), Root Mean Square Error (RMSE) and Mean
Squared Error (MSE) values are used as performance
criteria. All performance criteria are given as

n
1

RMSE = _Z(y" —5)? (60)

n i=1
1% ~ 61
MSE == (v = 7)) e

i=1

n )2

RZ—1_ Y1 — ) 62)

(i = Vavg)

where, y;, ¥ and (¥.,4) denote the desired output, the
predicted output, and the average value, respectively. n
represents the number of samples. The parameter estimation
values of the PID controller are shown in Figure9(a) and
Figure 9(b). In addition, the performance criteria values used
in the XGBoost algorithm are given in Table 1. Table 1 shows
that RMSE value is 0.0685 and MSE value is 0.004. The
RMSE and MSE values are very close to zero, indicating that
the model predicts well. In the regression task in machine
learning models, the R? value used to understand the
prediction performance of the model was found to be 91%
which is an achievement. In addition, the error values of k; and
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k4 are shown in Figure 10(a) and Figure 10(b), respectively.
Each point represents a data sample. Error values are
distributed between 0.1 and -0.2 in Figure 10(a) and Figure
10(b). Both Figure 10(a) and Figure 10(b) show that most
values of errors are clustered on a line. Clustering on a line
indicates that the predicted value is successful. Furthermore,
Figure 11 displays the MSE curves and RMSE curves to
illustrate the performance of the training and test datasets.
Figure 11(a) shows the MSE curves of the training and test
dataset. The MSE curves of the test and training datasets
approach zero in Figure 11(a). Figure 11(b) illustrates the
RMSE curves of the training and test dataset. Figure 11(b)

shows that the RMSE values of the test and training datasets
approach zero after each iteration.

TABLE 1. Model Performance Criteria.

Parameter Values
R? % 91

RMSE 0.0685

MSE 0.004
Train accuracy % 97
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VI. SIMULATION RESULTS AND DISCUSSION

In this paper, the gain parameters of the PID controller in the
micro-TEC system are obtained using both machine learning
method and meta-heuristic optimization algorithms and the
results are compared. Metaheuristic optimization algorithms
search in regions where the TEC system is stable. These
algorithms are Particle swarm optimization (PSO-PID),
equilibrium optimization based PID (EO-PID), Artificial bee
colony based PID (ABC-PID). All algorithms’ calculations
were performed on a single computer with a Windows 10
Intel® Core ™ [7-8565U 1.80 GHz CPU and 24 GB RAM.
The results of the metaheuristic algorithms were obtained in
MATLAB using the variable step odel5s. Integral time-
weighted absolute error (ITAE) is the objective function used
in this paper as follows:

[oe]

ITAE =f tlel dt (63)
0

where, tistime and e is error value. In a PCR device, as shown
in Figure 12, the difference between the output value and the
micro-TEC reference value constitutes the error value. The
reason for using the ITAE objective function in the TEC
system is to keep the error signal at a minimum level by
approximating it closer to zero and to ensure that the settling
time of the output signal is small with the controller effect. In
this study, to reduce the objective function's value to its
minimum, the metaheuristic optimization algorithms are used.
When the value of the ITAE objective function is the smallest,
the PID controller's optimal parameter values are found.

The parameter values of EO, PSO and ABC metaheuristic
optimization algorithms are shown in Table 2.

TABLE 2. Parameter values of, EO, PSO and ABC optimization
algorithms.

Parameter Values
Population size 30
Iteration Number 30
Independent run number 30
Dimension 3
Lower bound [01 0 -0.1]
Upper bound [5 0.30.3]

The transient regimes of the output signals for different
temperature inputs of the micro-TEC system, where optimized
PID controllers are applied with these algorithms, were
compared. The lower and upper boundary values of the PID
controller parameters were obtained by a generalization of the
Hermite-Biehler theorem. When machine learning method

and metaheuristic methods are applied to PID controller at
these range values, the best values of the PID controller are
computed. Moreover, metaheuristic control strategies are used
to the objective function to reach a minimum value. When the
objective function has the smallest value, the parameter values
of the PID controller are determined. The PID controller
parameters obtained by both metaheuristic optimization
algorithms and machine learning method are shown in
Table 3. In addition, the convergence curves of the EO, PSO
and ABC metaheuristic optimization algorithms for 30
iterations are shown in Figure 13.

TABLE 3. PID controller parameters found by metaheuristic
algorithms.

Controller k, k; kg,
PSO-PID 0.1677 | 0.0192 0.1620
ABC-PID 0.193 | 0.0045 0.1598
EO-PID 0.1120 | 0.013 0.11
ZN-PID 0.1951 | 0.0283 0.1015
ML-PID 0.27 0.03785529 | 0.00308238

The statistical performance measurements of these
metaheuristic optimization algorithms are also given in
Table 4. When these algorithms are compared in terms of
standard deviations, mean values, and worst values, all
algorithms have large values.

TABLE 4. Statistical performance measurements of EO, PSO
and ABC optimization algorithms.

Measures EO PSO ABC
Mean 8.027E+127 | 7.2E+127 | 2.2E+113
Standard 1.740 7.2E+65 | 1.1E+112
deviation

Best 0.011 0.037 0.111
value

Worst 2.42E+129 | 4E+66 6.78E+114
value

The computation times of these metaheuristic optimization
algorithms and machine learning method (ML) are given in
Table 5. It can be seen from Table 5 that the machine
learning method (ML) is faster than other algorithms.

TABLE 5. Computation times of Metaheuristic algorithms.

Measures ML | EO [PSO| ABC
Computation 3 | 7440 | 480 7860
Time (sec)
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The output signals of the micro-TEC system with ML-PID,
PSO-PID, ABC-PID, ZN-PID and EO-PID controllers
applied in Table 6 are shown in Figure 14. In Figure 14, the
reference, ML-PID, ZN-PID, PSO-PID, EO-PID, and ABC-
PID are shown in green, yellow, blue, turquoise, and purple,
respectively.

The zoomed output signals of this TEC system controlled by
ML-PID, ZN-PID, EO-PID, PSO-PID and ABC-PID are for

0-40 seconds in Figure 15, for 40-80 seconds in Figure 16,
for 80-120 seconds in Figure 17, for 120-160 in Figure 18
and for 160-200 seconds in Figure 19. In all figures, arrows
indicate the settling times of these signals. We utilize the
settling time and maximum over-shoot criteria to compare
the performance of the optimized controllers. These
comparison results are given in Table 6. A 5% band is used
to determine the settling time in the transient behavior of the
system's response signal.
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Table 6 shows the settling times and maximum overshoot percentages for various time periods.

This work is licensed under a Creative Commons Attribution 4.0 License. For more information, see https://creativecommons.org/licenses/by/4.0/



This article has been accepted for publication in IEEE Access. This is the author's version which has not been fully edited and
content may change prior to final publication. Citation information: DOI 10.1109/ACCESS.2024.3392734

IEEE Access

of the Polymerase Chain Reaction Device (2024)

Y.S. Arikusu and N. Bayhan.: Design of a Novel PID Controller Based on Machine Learning Algorithm for a Micro-Thermoelectric Cooler

TABLE 6: Transient regime criteria found from simulations.

Transient regime criteria ML-PID | EO-PID | PSO-PID | ABC-PID | ZN-PID
Settling Time
040 | (seq) 4.86 22.24 18.63 6.14 13.48

Seconds
Overshoot (%) 3.01 17.8 16.8 9.47 30.5
Settling Time 44 61.2 57 45 52
(Sec)

40-80

Seconds | oyershoot (%) 1.27 13.8 12.1 6.72 225
Settling Time 83.4 84.25 82.8 82.8 86

80-120 | (S€C)

Seconds
Overshoot (%) 0.5 4.6 4.4 2.4 6
Settling Time 123 124 122 122 126

120-160 | (5€9)

Seconds
Overshoot (%) 0.6 4.01 3.15 2.2 6.31
Settling Time 162.5 178 172.9 165.2 170

160-200 | (S€€)

Seconds | . ershoot (%) 0.6 9.09 7.27 7.74 20

When Table 6 is analyzed, it is observed that ML-PID gives
better results in terms of settling time and overshoot
percentage in both two regions (0-40 seconds and 40-80
seconds regions) compared to the others. When between 80-
120 seconds region are examined, it is seen that PSO-PID and
ABC-PID have the least settling time value as 82.8 second.
However, ML-PID has the second lowest settling time, close
to PSO-PID and ABC-PID. In addition, ML-PID have the
least overshoot value (0.5%). Similarly, by examining the
region between 120-160 seconds, it is seen that output signals
for the micro-TEC system with PID controllers, which are
optimized with PSO and ABC algorithms, have the least
settling time value of 122 seconds. The signal with the least
overshoot value (0.6 %) is reached when the ML method is
used. ML-PID gives better results in terms of settling time
and overshoot percentage in 160-200 seconds region
compared to the others. When the results are evaluated in
general, it can be seen that the ML-PID controller proposed
in this study is much more successful than other controllers.

VIl. CONCLUSION

In comparison with previous studies, our work proposes a
unique approach by using the XGBoost algorithm and the
generalized Hermite-Biehler theorem to calculate novel PID

controller parameters that would enable robustly stable and
optimal operation of the micro-TEC system in a PCR device.
For the first time, XGBoost Hyperparameters with
GridSearchCV were used to predict the PID controller
parameters.

Machine learning method (ML-PID) and metaheuristic
optimization algorithms, EO-PID, PSO-PID, and ABC-PID
have been applied to our mico-TEC model and the results
were compared in terms of settling time, the error and
overshoot percentages. For each of the five PCR cycles, the
micro-TEC with ML-PID controller was observed to settle
for 4.86, 44, 83.4, 123, and 162.5 seconds, respectively, and
overshoot values of less than 5%. The error percentages of
ML-PID, EO-PID, PSO-PID and ABC-PID were calculated
as 0.4%, 1.1%, 3.7% and 11.1%, respectively. In predicting
the PID controller's parameters, the XGBoost algorithm
obtained 91% test success and 97% training success. From
the simulation results, it has been shown that ML-PID
controllers applied in our micro-TEC system are compatible
with the changing system conditions and contribute
positively to the efficiency.
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