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Abstract

Purpose Patients with hypotension in emergency clinical situations require the administration of vasopressor drugs for a fast
and correct return of the mean arterial pressure, done by either manual or automated administration which can be done by
either manual or automated administration. The proportional-integral-derivative (PID) algorithm has been used for several
years as one of the most understandable and easily implemented automatic control techniques. However, in situations where
there is variability in the parameters of the process you want to control, as in the case of the mean arterial pressure (MAP)
response in patients undergoing vasopressor infusion, the automatic control system can become challenging. This paper
describes the development of a controller, considering the real-time identification of several types of patients.

Methods The MAP response for phenylephrine (PHP) drug infusion and the controller were modeled by the MATLAB/
Simulink computational tool and embedded each one on simple hardware platforms based on the low-cost microcontroller.
The controller was designed considering a time for patient identification, allowing its adjustment according to the patient.
To validate the feasibility of the controller, tests were conducted verifying the performance both in a computer simulation
environment and in hardware-in-the-loop (HIL) simulation. In these tests, three tuning methods were used for control, based
on the consolidated methods developed by Ziegler-Nichols and Skogestad.

Results The results obtained show that the patient identification occurs in 200 s. The MAP control was obtained with a
steady-state error of less than 0.31 mmHg, settling time with a maximum of 240.5 s, and peak overshoot of desired MAP
value on the order of 5.5 mmHg in its worst case, considering all tuning methods.

Conclusion The developed control system can identify the patient’s response type. The results obtained indicated that the
controller demonstrated to be suitable for low peak overshoot and steady-state error values, allowing a smoother MAP control.

Keywords Biomedical control system - Adaptive control scheme - Embedded PID controller - Mean arterial pressure
regulation - Hypotension
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Introduction

Hypotension during non-cardiac surgery is associated with
increased mortality from complications in postoperative
periods (Monk et al. 2015). In these cases, the risk of organ
injuries increases when the MAP remains below 80 mmHg
for more than 10 min or below 70 mmHg for less than
10 min (Wesselink et al. 2018).

Hypotension is often one of the complications in cesarean
surgeries with spinal anesthesia (das Neves et al. 2010). The
risk of postoperative acute kidney injury increase when intra-
operative MAP is less than 60 mmHg for more than 20 min
and less than 55 mmHg for more than 10 min (Sun et al.
2015). In vascular surgery for elderly patients, intraoperative
hypotension is defined as a 40% reduction in pre inductive
MAP for more than 30 min and is associated with postopera-
tive myocardial injury (Van Waes et al. 2016). Intraoperative
hypotension increases the risk of postoperative cerebrovascu-
lar accidents, especially when MAP values decrease by more
than 30% of baseline MAP. The MAP value to initiate the use
of vasopressors is set at 65 mmHg. However, it is possible
to consider values slightly higher than this, especially when
dealing with patients previously diagnosed with hypertension
(Rhodes et al. 2017). The use of norepinephrine (NE), epi-
nephrine (EPP), ephedrine (EPD), and phenylephrine (PHP)

Table 1 MAP hypotension controllers review

as a vasopressor drug is widely used to control hypotension,
especially in surgeries that use spinal anesthesia (Lee et al.
2017). Although studies on MAP control began a long time
ago, the current standard for guide vasopressor infusion is
manual titration, in which the professional responsible for
patient care set infusion rates in response to MAP variations
(Rinehart et al. 2021). In part, this can be explained by the
challenge to control MAP, when a large variability in parame-
ters related to the pharmacological response of patients on the
administration of vasopressors, e.g., NE and PHP. Researches
have studied a wide range of control models as a proposals
for solutions, including proportional-integral (PI) control
and its alternatives, adaptive control, rule-based control, and
intelligent control (Sathish and Nachiappan 2019). Table 1
presents the main articles about MAP control in hypotensive
conditions (Davoud et al. 2020; Fung et al. 2004; Huang and
Roy 1998; Kashihara et al. 2004; Kashihara 2018; Ngan Kee
et al. 2007, 2012, 2017; Rinehart et al. 2017, 2018; Soltesz
et al. 2017; Tasoujian et al. 2019, 2020).

In contrast with systems of MAP control for hypertension,
in which the vasodilator drug sodium nitroprusside (SNP) pre-
sents a model already consolidated and referenced by (Slate
and Sheppard 1982), the mathematical models suggested for
vasopressor drugs response are not widely available. Among
these models, those developed by Rinehart et al. (2011) and

Article’s author Year Drug

Control strategy

Control test

Computer simu- Animal studies Human studies

lation
Davoud et al 2020 Norepinephrine ADP X
Tasoujian et al 2020 Phenylephrine PID LPV-MMSRCKF
Kashihara 2018 Norepinephrine DCNN X
Tasoujian et al 2019 Phenylephrine PID-IMC X
Rinehart et al 2018 Norepinephrine PID-Rules
Rinehart et al 2017 Norepinephrine PID-Rules
Soltesz et al 2017 Cocktail PI; PID Filter
Ngan Kee et al 2017 Phenylephrine Nor-  ON-OFF X
epinephrine
Luspay et al 2015 Phenylephrine PID LPV-MMEKF
Wassar et al 2014 Phenylephrine PI-AW X
Ngan Kee et al 2012 Phenylephrine ON-OFF
Ngan Kee et al 2007 Phenylephrine ON-OFF
Fung et al 2004 Phenylephrine PID-MPC X
Kashihara et al 2004 Norepinephrine PID; MPC; APCyy; X
APCyy.pmp; PID FUZZY
Huang and Roy 1998 Phenylephrine Fuzzy X

ADP adaptive dynamic programming, LPV-MMSRCKF linear parameter varying—multiple model square root cubature Kalman filter for esti-
mation, DCNN deep convolutional neural networks, PID-IMC proportional-integral-derivative internal model control, PID-Rules proportional-
integral-derivative with rules-based decision engine, ON-OFF two-position, LPV-MMEKF multiple-model extended Kalman filter structure for
estimation, PID-AW proportional-integral-derivative anti-windup, MPC model predictive control, APCy, adaptive predictive control based on
neural network, APCyy.p;p, combined control of APCyy and PID, PID-FUZZY proportional-integral-derivative control based on fuzzy logic
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Luspay and Grigoriadis (2015) can be highlighted. We used
the last one as the basis for patient simulation.

This paper describes the development and testing of an
adaptive controller embedded in simple hardware consid-
ering the variabilities in the MAP response of patients in
relation to PHP infusion, providing adaptability in the auto-
matic MAP control system for different types of patients.
The control type is composed of a PID controller, whose
gain parameters are estimated from the identification sys-
tem of the patient’s characteristics, using a recursive polyno-
mial model estimator, autoregressive with exogenous input
(ARX) using estimation algorithm by recursive least squares
with forgetting factor.

Methods
Patient model

The mathematical model for the patient simulation pre-
sented in Fig. 1 is derived from the studies of Luspay and
Grigoriadis (2015) and Wassar et al. (2014), considering
the existence of a regressive nonlinear relationship between
PHP injection defined as u(t) and MAP response as MAP(t)
obtained in animal trials.

Because variations were observed between animals, as
well as variability during the infusion time, it was possible
to verify that for step variation of PHP injection, the MAP
response variation can be represented by a simplified first-
order transfer function with time delay, as shown in Eq. (1).

AP(s K _x

- " ()
1(s) s+ 1

where.

AP =Mean arterial pressure variation (mmHg);

I=PHP infusion rate (mL/h);

K =Patient sensitivity (mmHg.h.mL™!);

7="Time constant of drug application representing drug
absorption, distribution and metabolism (s);

T=Delay time of the injection line (s).

Fig. 1 Patient simulation model

4

The main transfer function is influenced by changes in its
parameters during the time and intensity of the drug injec-
tion rate, thus allowing the simulation of the physiological
response of different types of patients. The equations for the
parameter variations are shown in (2) to (5).

bris+b
U[Tmin’ Tmax] { # }I(s) -1t 2> Iy
Gr(s) = arys? + agpys + ar
0 — otherwise
2
XL
GK(S) = KO X e[_K' XI(A)X“M)HI] (3)
br()
G.(s) = — xI(s) @
S
Gyls) = —28
A= st (5)

where [ is the PHP infusion rate, T is the delay time of the
injection, o is a saturation function to limit its value between
the bounds of Tmin and Tmax, K is the nominal sensitivity
in relation to PHP, K is the dynamic sensitivity (mmHg/ml
h™1), ay, is the coefficient of the sensitivity transfer func-
tion fixed in 550, b is the integration coefficient of the
time constant variation, a;=40 and b,;=3 are coefficients of
stochastic activity and the patient's breathing effects func-
tion and a;y=1, a;; =10, a;, =10, byy=1, and b;; =100
are delay time coefficients of function. During simulation
and testing, some parameters were maintained with constant
values, such as ag, =550, a;,=40, b,=5, ayy=1, ap; =10,
ap,=10, byy=1, and by;=100.

The G(s) block is responsible for the random variation
of the delay time at the drug injection. The delay time has
a short peak period during the initial injection of the drug,
a value that gradually decreases with other injections. The
G (s) block is responsible for the dynamic variation of the
patient’s sensitivity and shows that patients gradually lose
sensitivity to a given vasoactive drug through their sub-
sequent injection. The Gzt(s) block is responsible for the

Gr(s)

Gk(s)

U=l Transport

delay

/

G(s)
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dynamic variation of the time constant in response to the
injection of the drug. The time constant increases slowly
from an initial value, according to the amount of injection
of the drug. The G4(s) block represents stochastic activity
and the patient's breathing effects. The simulation allows the
variation of all parameters between their limits. However, for
this study, 10 types of patients were defined as presented in
Table 2 (Coelho et al. 2020).

System identification

System identification is the technique for developing mathe-
matical models of a dynamic system based on observed input
and output data. It is a statistical method used to estimate
unknown model parameters, i.e., the coefficients in the differ-
ential equation. The model identification approach is named
Identification for Control (I14C) if the model applicability is
valid under certain boundary conditions (De Carvalho et al.
2021).

A decisive step in the identification procedure is the
appropriate model type selection (Aguirre 2015). The rep-
resentation of the general linear model can be considered
as follows:

_ B(q) Clg)
F(@)A(q) D(q9)A(q)

Considering g~' as the time delay operator, then
y(k)g~! = y(k — 1), v(k) represents the noise, e A(g), B(g),
C(9), D(g), F(q) represent polynomials functions defined
as in Egs. (7) and (11).

y(k) u(k) + v(k) (6)

C@)y=1-cqg' = —c,g™ )
Digy=1-dig"' = —d,,q" (10)
Fig=1-fig"' = —fyq" (11)

The general linear model representation can also be con-
sidered as

y(k) = G(q)u(k) + H(q)v(k) (12)

In this representation, functions G(g) and H(g) are con-
sidered respectively process and noise functions, as shown
in Fig. 2.

From the general linear model, several models can be
derived with a few simplifications (Navratil and Ivanka
2014). Two are particularly interesting, the ARX and the
autoregressive model with moving average and exog-
enous inputs (ARMAX). The ARX model considers
C(g)=D(q)=F(gq)=1 with A(g) and B(gq) representing

-1
A(CI)= l_alq — T dAdpdq ) =
1K)
— G(9)
Bg)=1=bg "' = —b,q" ®)
Fig.2 General representation of estimated model

Table 2 Parameter for patients Parameter

Patient T(s) KO K1 b TAU (s) MAPb
(mmHg)

Type 1 25 0.3 0.001 0.0001 140 65
Type 2 30 0.4 0.0015 0.0001 140 65
Type 3 35 0.5 0.002 0.0001 150 65
Type 4 35 0.6 0.0025 0.0002 160 65
Type 5 40 0.7 0.0035 0.0002 170 65
Type 6 40 0.8 0.004 0.0002 180 65
Type 7 45 0.9 0.0045 0.0002 190 65
Type 8 45 1.0 0.005 0.0003 200 65
Type 9 50 1.1 0.0055 0.0003 210 65
Type 10 55 1.2 0,006 0.0003 220 65
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Fig.3 ARX model representation

arbitrary polynomials to be estimated, resulting in the model
according to Eq. (13) and Fig. 3.

Fig.4 ARMAX model representation

Therefore, from the ARMAX model we can obtain 6
defined as the system parameter vector and ¢ as the regres-
sors vector.

B(q) 1
y0) = =Luh) + ——v(k) (13) .
A@) A@) 0= [01‘12 “ lpbyby e bycy g e cnc] 19)
From the ARX model, a linear differential equation can
be obtained, relating the output to the inputs presented in
Eq. (14) (Aruna and Jaya Christa 2020).
yk)y=ayk—1+---+a,yk—n,)+butk—1)+---+b,ulk—n,)+ ek) (14)

From the ARX model, it is obtained 6 defined as the sys-
tem parameter vector and ¢ as the regressors vector.

0 = [ayay - a,ubiby by (15)

T
ptk—1)= [ytk = 1) ...y(k—ny)utk —1)...u(k—n,)]
(16)
The ARMAX model assumes D(g) = F(g) = 1, and
A(g), B(g), and C(g) being the arbitrary polynomials to be
estimated, resulting in the model according to Eq. (17) and
Fig. 4.
B(q) Cg)

k) = —2u(k) + —=v(k
y(k) A(q)u( )+ A(q)\/( ) 17)

From ARMAX model a linear differential equation can
be obtained, relating the output to the inputs, as shown in
Eq. (18).

Adaptive PID controller design

The adaptive PID MAP controller (PID-AD) was designed
to perform patient identification during a predefined time of
200 s, and after this identification period, the system works
in automatic control mode. The identification time has taken
into account the variability of all possible patients, from
the least sensitive to the most sensitive. The block diagram
proposed for this controller is shown in Fig. 5.

We calculated the PID-AD gains considering two criteria
for performance comparison. The criteria adopted in this
development are the control algorithm methods from the
study by (Ziegler and Nichols 1942) in their PI (ZN-PI) and
PID (ZN-PID) versions, and also the method (Skogestad
2004) known as Skogestad internal model control (SIMC).

In this work, the proposal for real-time estimation of
patient parameters and calculation of controller gains is
based on an ARX model used to describe the dynamics of
the patient response.

yk)y=aytk=1)+--+a,,(k—n,)+butk—-1)+--+b,utk —n,) +etk)+cek—-1)+--+c,elk—n.) (18)
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Fig.5 Block diagram of the K(t)
proposed controller
LU . <O . ot vt
Mode Switch: Patient = <4—— Parameter
jy |dentification/ K  Identifier/ <« _estimation  u(t)
—> Control Ki PID Gains
Kd
rt) kp| Ki| kd| !
y(t) |
- = I
PI/PID I
————»0
t q
Controller { u(t) > Patient —|»
20ml/h
The identification method used for the patient parameters Y(2) byt +b,2°
is based on an ARX model estimator using a recursive least ~ G(2) = = (20)
g U ayz' +a,2

squares with forgetting factor estimation algorithm.

This estimator allows obtaining a discrete transfer func-
tion of the patient response, according to Eq. (14). Consider-
ing that the main transfer function of the MAP variation of
the patient relative to the FNF infusion rate is a first-order
function (Luspay and Grigoriadis 2015), then the model gen-
erated by the estimator is shown in Eq. (20).

And consequently, the estimated coefficients ay, a,, b,
and b, define the system response according to Eq. (21).

_ B(g™")
A(g™h)

_ byg' +b,
ayq' +a

y(k) u(k) u(k) 1)

The software implementation of the PID-AD controller is
structured as shown in Fig. 6, using the polynomial recursive

PATIENT IDENTIFIER-

PID GAINS
»a0
K *{Ganho_Est
»at SP-PID -»{SP
i [<a> TAU|—{TAU_Est
J Inputs Jbo
»FNF N Parameters
. 4 KPl——{kP_Est —
|<B> N P ~
[PV] >— —>»{PAM  Out KPH
MAP o = J-sfoutput Ki 'IKl Est
Pre ZOH - 0wt »Ts = > Ki
= Error »lteta KD *{KDiEst
=l TR s P
ENABLE P ———————»Time_SW
Recursive Polynomial

— | Model Estimator * PV_FBack »A_M

TIME-SW = [EN) L || |
KD
~»{PV_Estim *{SP_In
g ]
SP-GENERATOR @—— EN Dead_Time @ — AUTO_MAN
AM
+— »lTime_Switch [RLS_ER] >—RLS_ERR M_Mv
E DEADTIME_ESTIMATOR SWITCHER PID-CTRL

MV-GENERATOR

|
[PV]

Fig.6 Software implementation of PID-AD controller
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model estimator block available in the MATLAB® libraries
and its Simulink® module.

We developed the block for patient identification and
PID gains to calculate the sensitivity, the delay time in the
injection line, and the time constant of the drug applica-
tion. The block also defines the values of the proportional
gain (KP), integral gain (KI), and derivative gain (KD) of
the controller. Equation (22) presents how the sensitivity is
calculated. Equation (23) defines the time constant of drug
application corresponding to drug absorption, distribution,
and metabolism.

(b0 +b1)

"~ (a0 +al) (22)
__K

RGVD) 23)

The PID-CTRL block has one output tagged MV, cor-
responding to the PHP infusion rate. When the A_M input
of the PID_CTRL block assumes a true status, defining that
the PID is in automatic mode, the MV output is the result of
the automatic calculation performed by the PID algorithm
inside the block, as shown in Fig. 7. If the A_M input of the
PID_CTRL block assumes a false state, defining that the
PID is in manual mode, the MV output is a constant value.

In this study, the controller is in manual mode during the
initial patient identification stage, with a fixed PHP rate of
20 mL/h provided by M_MYV input. During this moment,
a signal provided by the band-limited white noise block is
added to the MV output signal of the PID-CTRL block. It

estimation error signal. This signal is sufficiently low when
the estimation achieves success. In this work, any value of
this signal less than 0.00001 is considered a level of success
in patient estimation. If during the 200 s for patient identi-
fication this error signal reaches a level equal to or below
the setpoint, the controller assumes automatic control mode.
Otherwise, the controller remains in the manual, ensuring
the safe operation of the system in manual mode.

The estimation success condition check was implemented
within the Switcher block, shown in Fig. 6. This estimation
failure status can be observed during system operation by
warnings on a screen of the supervisory system integrated
with the controller through the existing communication
between controller and supervisory. Figure 10 shows the
supervisory screen of this system.

The system set the controller gain for each identified
patient case. To achieve the best performance, in this work,
we used three heavily used methods for tuning gains in con-
trol systems, ZN-PI, ZN-PID, and SIMC control algorithms.
Table 3 presents the equations relative to the three methods.

We designed the switch block so that after the determined
time for patient parameter identification, called the switching
time, the patient parameter identification mode and the sys-
tem control mode are switched automatically. At the instant
that mode transfer is performed, the block responsible for
patient identification and PID gains transfers the current val-
ues to the PID controller, which from that moment on uses

Table 3 PID gains forms

generates a normally distributed random value, performing Gains
the persistent excitation function required for patient identi- Control type KP KI KD
fication. Figure 7 shows these details inside the PID-CTRL
ZN PI Kp = 0 Ki=% 0
control block. P = T
In the block “recursive polynomial model estima-  ZNPID Kp = (ITZX—XKT) Ki= ﬁ Kd=05xT
tor” shown in Fig. 6, the output error corresponds to the  SIMC Kp= m Ki=1 0
Fig. 7 Details of band-limited
white noise block for persistent
excitation FB
D > SP N
SP
(@D > PV
PV MV_AUTO
= 0 »(1)
& kP i o
Kp
@K ’ -
Ki
@D » KD
Kd PID
(6 )
AM Band-Limited PID-CTRL
- White Noise
D BLOCK
M_MV
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Fig.8 System architecture for
adaptive PID controller software CONTROLLER BLOCK PATIENT BLOCK
simulation
MAP D_KO
KO
ENABLE Ki
ENABLE D_bTAUO
bTAUO
TIME_SW PHP PHP PAM PVv]
TIME_SW
D_TAU
SP-GENERATOR D_T
=
PHP-MANUAL D_MAPb
MV-GENERATOR MAPb
CONTROLLER LA

them as parameters for the control. The PID control output
set the PHP infusion rate in the control mode.

We performed the model implementation in a Windows
PC i7 Desktop computer with 8 Gb of RAM with support
from MATLAB/Simulink® (v. 2019a, license number
40686582). As shown in Fig. 8, the architecture of the com-
puter simulation system has two blocks, the patient simula-
tion unit and the adaptive PID controller block. Both were
assembled in MATLAB/Simulink.

Hardware implementation

The evaluation of the controller was performed using a real-
time hardware-in-the-loop (HIL) simulation and compared
to the software simulation. The hardware implementation
to evaluate the system performance was embedded on two
Arduino DUE boards with a 32-bit ARM Cortex-M3 Atmel
SAM3XS8E microcontroller, 512 Kb of Flash memory, 12-bit
analog to digital converter, and 12-bit digital to analog con-
verter. One of the boards simulates the dynamics of the

patient in real-time while the other performs the control-
ler functions, according to the architecture shown in Fig. 9.
The algorithm was initially obtained by the MATLAB/
Simulink® code generator using C+ + language from the
software simulation. After this step, we treated the algorithm
for the hardware board in the specific interface device envi-
ronment program (IDE).

We configured several parameters as constants during the
software simulation. These parameters are configured in the
hardware simulation from a supervisory system, as shown
in Fig. 10. In hardware simulation, it allows adjusting the
reference value of MAP, the initial value of the PHP infu-
sion rate at any time. We designed the supervisory system
using the free educational version of the Indusoft Web Stu-
dio software. The supervisory system communicates with
the hardware through the MODBUS protocol at a rate of 1
sample every 0.5 s. This system collects and stores all data
produced during the simulation.

The test procedure consists of the MAP response analy-
sis considering two main phases: patient identification and

Fig.9 Hardware implementa- .
tion of PID-AD controller

SUPERVISORY [

i MAP (0 a 200 mmHg) :

MODBUS
COMMUNICATION
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Fig. 10 Supervisory system for MAP PID-AD controller

effective control. In the identification phase, the system
injects PHP with a fixed rate of 20 ml/h during the first
200 s. After this phase, the system switches to the control
phase, consisting of two stages. In the first stage, the PID-
AD controller assumes the drug injection automatically. The
PID-AD controller sets the SP value of MAP at 85 mmHg
during 300 s. In the second stage, the SP changes to
93 mmHg maintaining this value for next 630 s. Therefore,
the performance analysis of the controller occurred during
the 930 s after the initial 200 s of identification, totalizing
1130 s of the test.

13:34:06

Escala Max.

100
100

50
50

130

Identification:

200.00

Time to Identification

0.00

sec

13:40:46

>
09/13/2021 - [13:40:46 <
N

Unids. Eng.

Test Time = 2418 seconds

v

Results

Frequently, automatic MAP controllers are evaluated with
patient parameters changing into three types: insensitive,
nominal, and sensitive (Silva et al. 2019). In this study,
we tested the control for ten different types of patients,
according to Table 2. Tables 4, 5, and 6 present the values
obtained for gain, time constant, and dead time of the patient
response, calculated from Eqs. (22) and (23), and the con-
troller gains KP, KI, and KD calculated by the equations
in Table 3, immediately after the 200 s corresponding to
the patient identification step. We collected the results in

Table 4 Software and hardware

: . Pat. type KP KI Gain Tau Teta
simulation data for ZN-PI

SW HW Sw HW SwW HW SW HW SW  HW
1 12.53  12.545 0.008696  0.008280  0.299 0312 1437 15755 345 352
2 8.891 8.803 0.008174  0.008350 0.4002 0.393 145.1 138.28 36.7 359
3 7.058 6.804 0.007538 0.007370 0.5017 0.495 156.6 152.33 39.8 40.7
4 6319  6.108 0.007595 0.007480 0.6011 0.589 166.7 160.46 39.5 40.1
5 5308 5.175 0.006977  0.006810 0.7005 0.708 177.7 179.3 43.0 440
6 4924 4783 0.006993 0.007000 0.7981 0.796 187.3 181.17 429 428
7 4276  4.266 0.006438 0.006420 0.9025 0.941 199.8 208.33 46.6 46.7
8 4.058 3.949 0.006452  0.006220 0.9992 1.024 209.5 216.74 46.5 48.2
9 3.582 3.532 0.005929  0.005790  1.108 1.149 2231 233.65 506 51.8
10 3.189  3.165 0.005455 0.005410 1.223 1.244 2383 24255 55 554
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Table 5 Software and hardware simulation data for ZN-PID

Pat. type KP KI KD Gain Tau Teta
SW HW SW HW SwW HW SW HW SW HW SW HW
1 16.71 16.966 0.01449 0.014120 17.25 17.7 0.299 0.310 143.7 155.36 34.5 354
2 11.85 11.425 0.01362 0.013190 18.35 18.95 0.4002 0.400 145.1 144.57 36.7 37.5
3 9.41 9.328 0.01256 0.012340 19.9 20.25 0.5017 0.518 156.6 163.10 39.8 40.5
4 8.426 8.224 0.01266 0.012130 19.75 20.6 0.6011 0.621 166.7 175.00 39.5 41.2
5 7.078 6.800 0.01163 0.011330 21.5 22.05 0.7005 0.711 177.7 177.71 43.0 44.1
6 6.565 6.419 0.01166 0.01126 21.45 22.2 0.7981 0.826 187.3 196.21 429 444
7 5.701 5.533 0.01073 0.010413 23.3 23.95 0.9025 0.931 199.8 205.85 46.6 47.9
8 5.41 5.196 0.01075 0.010460 23.25 23.90 0.9992 0.986 209.5 204.28 46.5 47.8
9 4.776 4.662 0.009881 0.009610 25.3 26.00 1.108 1.122 223.1 226.71 50.6 52.0
10 4.251 4.213 0.009091 0.009040 27.5 27.65 1.223 1.234 238.3 239.76 55.0 55.3
T'alble 6. Software and hardware Pat. type KP KI Gain Tau Teta
simulation data for SIMC
SW HW SW HW SW HW SW HW SW  HW
1 4519 4.616 0.006961 0.007020 0.299 0.300 143.7 142.38 345 314
2 3319 3.350 0.006893 0.006820 0.4002 0.406 154.1 146.54 36.7 349
3 2.643  2.606 0.006386 0.006150 0.5017 0.515 156.6 162.35 39.8 39.6
4 2258 2265 0.005999 0.005940 0.6011 0.611 166.7 168.17 39.5 37.6
5 1.924  1.880 0.005629 0.005380 0.7005 0.727 177.7 185.81 43.0 43.0
6 1.719 1707 0.005339 0.005210 0.7981 0.816 187.3 191.73 429 41.6
7 1.511 1.481 0.005005 0.004800 0.9025 0.927 199.8 207.99 466 474
8 1.386 1.380 0.004774 0.004930 0.9992 0.984 209.5 202.81 465 47.8
9 1.242  1.272 0.004482 0.005180 1.108 1.019 223.10 192.68 50.6 522
10 1.119  1.091 0.004196 0.003990 1.223 1.272  238.30 250.12 55.0 55.0
IZS"JEZ Hardware performance  p, oo SSE (mmHg) 0S (mmHg) ST (s)
SIMC ZNPI ZNPID SIMC ZNPI ZNPID SIMC ZNPI ZNPID
1 0.01 0.02 0.04 0.06 0.09 0.93 143.5 57.5 62.5
2 —0.09 -0.01 -0.02 -0.02 217 1.97 149.5 126.0  126.0
3 -0.12 —0.09 -0.04 -0.11 231 4.58 166.0 165.0 1445
4 —0.04 —0.04 0.04 0.00 2.66 3.90 163.5 204.5 150.5
5 -0.12 —0.04 0.09 -0.12 284 5.21 175.5 186.5 166.0
6 -0.17 -0.03 0.07 -0.10 3.11 5.30 171.5 184.0  169.5
7 -0.13 -0.02 -0.19 -0.19 3.63 5.53 172.5 154.5 191.0
8 —0.06 0.04 -0.23 0.00 3.58 5.53 165.0 159.0 1945
9 —0.08 -0.09 0.04 -0.05 434 5.37 168.5 163.5  216.0
10 -0.07 -0.14 0.31 0.01 4.34 5.21 166.5 235.0 2405

software and hardware simulation after the patient identifica-
tion stage for an adaptive control system based on the ZN-PI,
ZN-PID, and SIMC methods.

Figure 11 shows the MAP control response for type 1, 5,
and 10 patients. This figure allows the comparison results of
the computer simulation, with the architecture is already shown
in Fig. 7, and the simulation of the embedded HIL model with

@ Springer

architecture already shown in Fig. 8. The comparison shows
the control phase, exactly after the initial 200 s used for patient
identification. In the simulation, it is possible to verify that the
steady-state error (SSE) was less than 0.21 mmHg for SIMC

Fig. 11 MAP control response: a Patient 01, b Patient 05 and ¢ »

Patient 10
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Table 8 Controller performance results for the patient in full range

Control type SSE (mmHg) OS (mmHg) ST (s) IAE ISE

min ~max max min ~max min ~max min ~max
SIMC -0.01~-0.13 0.06 143.5~175.5 1725.7~2401.3 7482.6~19,652.0
ZN-P1 -0.01~0.14 4.34 57.5~235.0 1459.7~2311.2 10,100.0~12,961.0
ZN-PID -0.02~0.31 5.53 62.5~240.5 1483.9~2094.4 9805.8~12,756,0
Performance criteria +5.0 5.8 270

control, less than 0.31 mmHg for ZN-PID control, and less than
0.14 mmHg for ZN-PI control. The system achieved the desired
MAP value of 93 mmHg with an overshoot value (OS) less than
0.06 mmHg for SIMC control, less than 5.53 mmHg for ZN-PID
control and less than 4.34 mmHg for ZN-PI control. The settling
time (ST) variation was from 143.5 to 175.5 s for the SIMC
control, from 57.5 to 235 s for the ZN-PID control, and between
62.5 and 240.5 s for the ZN-PI control, according to Table 7.

Discussion

We analyzed the controller performance in the three gain set-
tings proposals for the PID algorithm, based on the ZN-PI,
ZN-PID, and SIMC criteria. The analysis was carried out
using the criteria defined as SSE, ST, OS, the absolute error
integral (IAE) and the squared error integral (ISE), as shown
in Table 8. The table shows the minimum and maximum
simulation parameters performed on all ten patient types.

We compared the values obtained in the three controllers’
tests using performance criteria established by Luspay and
Grigoriadis (2015). All three controllers showed a successful
result, but the performance of the SIMC control type is par-
ticularly interesting, because of the low values for the OS and
ST indexes, allowing a smoother control of the MAP control.

Despite the maximum IAE and ISE of the SIMC control
type being higher than other control types, in 6 of the 10 simu-
lated patients, these values were lower, which denotes SIMC
performance was not worse compared to the other control types.

The proposed MAP PID-AD controller shows feasibility
for implementation in clinical applications and aggregates
value because it is a low-cost device and simple hardware.
In this work, we did perform animal studies or human clini-
cal trials. Therefore, more researches in future studies are
requires to test and validate the controller in an ideal envi-
ronment and a full range of variations.

Conclusion
This paper presents the development of two devices, first to

simulate different patients and the other for MAP regula-
tion. A simple physiological model expressed by a first-order

@ Springer

function with varying parameters was used to characterize
the MAP response as a function of PHP drug infusion, allow-
ing the simulation of the patient’s response. The named PID-
AD controller is a simple and low-cost alternative to identify
and control the MAP for several types of patients in a hypo-
tensive situation. PID-AD processes a real-time estimation
of the pharmacological response of patients and utilizes this
information to calculate in the control algorithm. The MAP
regulation results achieved here suggest that the PID-AD,
compared to other reference work in the literature is a sim-
ple, non-complex tool for controlling hypotension, showing
feasibility for use in perioperative and intensive care units.
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