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Abstract: - In the current scenario, usage of the smart
medical pump is predominant in the medical field.
The precise drug dosage, flow accuracy should be
maintained to increase the performance of an
infusion pump. In this work, an attempt has been
made to predict and control the speed of the infusion
pump for suitable infusion flowrate using machine
learning technique and Linear Quadratic Gaussian
(LQG) controller. The data for this study is
considered from the publicly available online
database, electronic Medicines Compendium (eMC).
The speed of the infusion pump has been calculated
using the drug dosage and flow rate for two different
drugs. The prediction of infusion pump speed is
achieved using Linear regression with Principal
Component analysis (PCR) and Support Vector
Machine Regression (SVR). The performance of the
prediction schemes is evaluated using standard
metrics. To validate the optimal control of the
predicted speed, two different medical graded
motors are considered. Further, the optimal control
of the pump speed is investigated using
Proportional-Integral-Derivative ~ (PID), Linear
Quadratic Regulator (LQR), and LQG controllers
for its stability criteria. The prediction of the pump
speed using regression models PCR, SVR has been
verified and then the transient response analysis with
rise time, settling time for both the motors have been
examined. Results demonstrate that the LQG
optimal control strategy achieves fast rise time,
settling time of motorl with 0.653s, 1.15s, and 0.22,
0.392s for motor2 respectively.
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I. INTRODUCTION

Continuous and intravenous infusion of the drug, fluid,
nutritional substances, antibiotics, insulin is managed by
smart infusion pumps. A rapid change is happening in
the medical device industry with the design of smart
medical infusion pumps [1]. The smart medical devices
used by health care providers are aimed to diagnose and
treat patients as per the conditions of patients accurately
[2],[3]. Clinical studies on infusion pumps have been
transformed for several decades by using different
designs with manual, semi-automated, and automated
systems. In smart infusion pumps, the drug dosage to be
infused, flow rate settings are controlled manually or
automatically the closed loop drug infusion concepts are
reported [4], [5]. The dosing errors are more in manually
programmed pumps as well as in syringe pumps and
misleading of drug delivery, flow rate, miscalculations
have been discussed [6]. Minimization of errors in smart
infusion pumps has been incorporated with drug
libraries in the pre-programming environment, warnings,
soft alarms, dosage limits [7]. The implementation is
carried out by the manufacturer based on the Food and
Drug Administration (FDA) guidelines for the infusion
pumps. Even though the software, drug delivery
guidelines are existing, the functionality and pumping
mechanism differs depending on the types of infusion
pumps [8]. Various kinds of infusion pumps are
available, which include large volume pumps, syringe
pumps, patient controlled analgesia, elastomeric pumps,
enteral, and insulin pumps[9]. These pumps are used
effectively in clinics, hospitals, and homes in which the
pumping mechanism differs depending on the
requirement to control the flow of the fluid to be
delivered. The delivery of the fluid varies for each type
of pump used and performance varies with respect to
delay and flow rate is indicated [10].
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The performance of the infusion pumps for effective
drug and fluid delivery has been analyzed statistically
using prediction models [11]. Besides, the impact of
flow rate based on the carrier fluid has been investigated
[12]. Prediction models such as ANN, ANFIS, PCR,
SVR are implemented in the field of medical devices
[13]. These techniques are addressed by many
researchers for a wide range of applications which is not
only limited to the medical field. Research on infusion
pumps are carried out based on the valves that obstruct
the maximum flow rate in intravenous infusion
procedures when administered under gravity [14]. Drop
in the flow rate around 19 to 38% is observed in 16G
Canula when compared with 20G cannula. Westcott
Sae-flow valve is used to produce a lower reduction in
flow rate [15]. The flow rate accuracy is achieved with
low flow rated syringe pumps based on the pressure
applied [16]. The optimum flow control and high
precision are vital for all the types of fluid and drug to
be infused [17]. Further, the performance of medical
pumps is important in real time conditions to administer
the dead space [18].

Design of portable lightweight infusion pump with
miniaturized components with battery powered motors
are suitable to treat patients in clinical and home
environment. Recent studies on decision making of the
infusion pump speed based on the flow of the fluid using
Fuzzy logic techniques [19]. The infusion pump control
parameters such as dead volume, lag time, prediction
accuracy, optimal speed control of the motor are
essential to infuse the required volume of the drug and
fluid. The -electromechanical infusion pumps are
employed with motors such as DC and stepper [20].
Statistical, calibration methods are used to obtain
precise and accurate delivery for a range of flow rates
with different types of pumps. Research on modeling
and closed loop control systems for automatic control of
anesthesia drugs is addressed [21], [22]. The automated
control model for infusion pumps based on state space
model as per pharmacokinetic representation is analyzed
[23]. The control strategies are needed to manage the
discontinuous and inaccurate flow of actuating
mechanisms. LQG design method for anesthesia devices
with frequency domain analysis is verified to obtain
stability [24]. Many research is carried out using PID,
LQR, and LQG for infusion pumps and electric motors
[25]. Optimization and tuning techniques in the control
system perspective have been examined for electric
motors [26], [27].

The objective of this study is to predict and control the
speed of medical graded infusion pumps. In this work,
prediction techniques are used to predict pump speed for
the corresponding drug dosage, flow rate. Further, to
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achieve the optimal speed control for infusion pumps,
two medical graded electric motors have been
considered and verified with their performance by
employing control algorithms.

II. MATERIALS AND METHODS
The proposed workflow shown in Fig.l provides the
process of prediction and controlling of infusion pump
speed and its performance analysis. This study includes
identifying the pump parameters, predicting the pump
speed, and performance analysis using different control
strategies.
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Fig.1. Proposed workflow

A. Infusion pump parameters

The data set of 100 infusion flowrates for different
drugs for the patient with a mean weight of 65 + 12.9 kg
has been obtained from a publicly available database,
electronic Medicines Compendium (eMC) website
(September 2020). The drug dosage, infusion pump
speed, method of administration, and infusion flow rate
are considered for this study. The important parameter
to be addressed for an infusion pump is infusion
flowrate and its speed. The key attributes of infusion
flow rate (Qq ) are drug dosage, drip rate, carrier flow
(Qc). The total flow rate (Qy is calculated as, Q= Q4 +
Q. [28]. For an infusion pump, its flow rate is based on
the speed of the motor (0) and it is related as, Qi =k x 0
where k is the proportionality constant. Further, the
speed of the motor 8 = Q; x 10 rev/ml / 60 min per hr
has been determined as per the manufacturer
specification. The calculation varies for the number of
gears in the motor and it physical interface with the
pump as per the number of revolutions.

B. Prediction of the speed of infusion pump

Machine learning techniques are widely used for
prediction and classification. In this work, prediction
techniques are focused. In smart infusion pumps,
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parameter settings for different drug dosages should be
administered. Especially in multiple infusion scenario,
flow rate error has to be minimum. The flow rate error is
based on how quickly the pump is actuated. This leads
in optimal control of speed of infusion pump. To
achieve the optimum speed of infusion pump, the
prediction of the required speed corresponding to the
drug flow rate for the pump’s motor is principal.
Prediction of pump speed for intravenous, continuous,
subcutaneous infusion of drug flow rates has to be
determined. Prediction algorithms are needed to reduce
the adverse effect that will impact on patients. In this
work the prediction of speed has been determined using
machine learning technique such as classic linear
regression, PCR, SVR for two different drug data set.
The predictive model generates the future results once
data is collected, trained, and analyzed.
Regression methods
Regression analysis is a statistical analysis method,
determine the quantitative relationship between two or
more variables [29].
In general, the multiple regression is formulated as
y=Fy+fxg+eee (1)
wherein y, x is the dependent, independent variable, 5 is
the coefficient parameter and & is the error or residuals.
By providing the x; for the regression model, the
predicted values are estimated and it is given by ¥. The
fitted regression function is given as
V=%b.filx;..),i=12..n )
where by is the fitted coefficients. The mean square
difference between the ¥ — v is identified, minimized by
estimating by.
The drug dosage rate was the input variable and tested
with linear regression, the prediction fit was found to be
multicollinear.  Multicollinearity is a statistical
phenomenon where more than two predictor variables in
a multiple regression model are highly correlated. In this
situation, the coefficient estimates change erratically for
small changes in the model or the data which in-turn
affects the calculations of individual predictors. Thus, a
multiple regression model with correlated predictors
indicates the overall accuracy of the outcome variable
predictions. On the other hand, valid results would not
be obtained with individual predictor and also with
redundant predictors.
Principal component regression
Principal Component Regression (PCR) is a technique,
utilizes principal component analysis by regression
coefficients estimation [30]. PCR is implemented to
overcome issues that arises when the exploratory
variables are close to being colinear. In PCR, instead of
regressing the independent variables (the regressors) on
the dependent variable directly, the principal
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components of the independent variables are used. To
estimate, subset of the principal components in the
regression is used. )

In PCR the regression coefficient £ is estimated as given
in equations 3, 4.

B= (') 'y
3)
Mathematically, R =x'x=PDP'=Z'Z (4)

where, R is the correlation matrix of independent
variables, D is a diagonal matrix, Z is data matrix, P is
orthogonal (PP’ =1). The regression with principal
component has to be done as given below:

1. PCA on x has to be performed and z will be
obtained which is a new variable with weighted
averages

2. Regression fit y has to be identified with Z by

estimating A were in 4 = P'E, B = PA
PCR is a regression method that can be divided into
three steps: the first step is to execute a principal
components analysis on the table of the explanatory
variables. The second step is to impose an ordinary least
squares regression (linear regression) on the selected
components: the factors that are most correlated with the
dependent variable will be selected. Finally, the
parameters of the model are computed for the selected
explanatory variables.
Support Vector Regression
Support Vector Machine (SVM) is a typical supervised
learning method in machine learning. It is a classifier
and performs regression is termed as SVR [31]. SVR is
based on the concept of minimization of structural risk
hypothesis, which lessens both empirical risk and the
confidence interval of the learning machine. This leads
to producing better generalization capability, recognize
the adequate error ranges for any given model, and find
hyperplane to fit the data. SVR has an objective function
that helps in minimizing the coefficient vector.
In general, the basic function for the statistical learning
process in SVM is given in the equation below.

y=flx) =2 wix;+ b (5)

where y is the independent variable, w is the weighted
coefficient for sum of M, b is the coefficient parameter.

T
: wl' [x
e =[] [[]=wrx+b (6)
The objective function minimization is needed to obtain
the desired predict outputs and is given as
i L o
min{w) = - [Jw=|| (7)
The objective function minimization is important and
the empirical error is reduced based on that. The
difference between the predicted and actual value is
within the threshold when loss is zero value. For other
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values, the loss will be equal to the difference between
the predicted value and the radius of hyperplane. To
perform this, Lagrange multipliers and kernel function
are solved. Appropriate kernel allows the data to
become separable in the feature space, even though data
is non separable in the original input space.

III. PERFORMANCE EVALUATION OF THE PREDICTION
MODELS

Data processing is an important criterion to evaluate the
performance of an infusion pump. The infusion pump
working is purely dependent on the type of infusion
pump, manufacturer and drug dosage protocol followed
by the physician, nurses. The posology, flow rate
calculations are made as per the nurses’ guide. In
electronic Medical Compendium (eMC), the dosage for
different drugs is specified in pg/kg/min and mg/hr, the
flow rate will be in terms of units/hr or ml/hr. As per the
nursing calculations, the drip rate, flow rate for each
drug has been converted and the data set has been
prepared.
The output variable which is the speed of the pump is
calculated. The number of revolutions varies based on
the type of motor employed in infusion pumps which are
designed as per the medical device and its usage. The
prediction of this variable has been analysed for its
accuracy using the prediction model considered in this
current work. The statistical metrics utilized to identify
the performance of LR, PCR, and SVR approach are
mean square error (MSE), root mean square error
(RMSE), mean absolute error (MAE), and coefficient of
determination(R?) [31]. MSE, RMSE, and MAE are
used to identify the prediction error of the predictive
models. Prediction accuracy is evaluated using the R?
value.
The statistical metrics are:

I MSE ==X, (x,— ¥,)? (8)

I
2. RMSE = ﬁ I (x—v)? 9

3. MAE = T, (x; — ) (10)

n(Txy)-TxTy
JInZa™ —(Tx)" IInZy” —(Zy¥)" ]

-

4. R

(11)

where the X; is the actual output variable, Yy; is the
predicted output variable and n is the number of samples
in the testing set. The performance of the infusion pump
exclusively relies on its speed, dosage, and flow rate.
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IV. CONTROL SYSTEM STRATEGY FOR INFUSION PUMP

The selection of infusion pump optimal control can be
achieved with different types of electromechanical
motors. The rotational speed of these motors decides the
speed of the pump based on the flow rate and the
revolutions. The input to these controllers is from the
predicted speed obtained from the predictive model and
time response analysis of the pump control system
which is employed with micromotors has been verified.
In this study, the micromotor of an infusion has been
chosen as per the manufacturer specification of medical
pumps and analysed. Two specific pumps motor had
been considered with required electrical, mechanical
parameters and are used to derive the transfer function
of the infusion pump. To employ this, the control system
for an infusion pump actuation has become essential.
The implementation of control algorithms such as PID
controller, LQR, and LQG has been carried out. The
identification of the stability, steady-state response, and
pole replacement for the control system design have
been executed to obtain quick rise time and fast settling
time.
A. PID controller
PID is the widely used controller which is used to obtain
the required control parameters by finding the error
signal for a system. In this work, the transfer function
for the actuating part of the infusion pump is given in
the equation bqlg)w

i . wls - Kt
Q) =K+ O = K+ o emausmrtorn ()
where Q(s) is the flowrate which is obtained as the
product of gain factor K and wf(s)is the speed of
electric motor. In equation (12), Torque constant Kr ,
Armature inductance L,, Armature resistance R, ,
Rotating inertial measurement of motor bearing J, e.m.f
constant Ky, Friction constant B for the DC motor is
given. The transfer function of the micromotor with its
mechanical and electrical parameters has been
considered to define the transfer function of the
micromotor. To obtain closed control for the infusion
pump, the predicted speed has been given as input, and
using controller strategy the speed control for
micromotor has been achieved. The equation below is
shown with the controller output u(t) when incorporated
with PID controller.

u(t) = K,e(t) + Ki [, e(D)d(t) + K,

deit)
dt

(13)

Where K, K;,Kq are the gain constants for PID and e(t)
is the error. The gain values of the PID have been tuned
using the traditional Zeigler-Nichols method and for
better optimized results optimizer such as PSO can be
implemented [32].
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B. LQR controller
The state space representation for the infusion pump
motor is designed. The objective of implementing LQR
is to obtain optimized speed control for infusion pump
motors based on the predicted speed. In LQR, R and Q
matrices determine values for closed loop control of
pump motors. The R and Q values has to be trial and
error manner. The range of values selected for Q relied
on the different ranges of the unity matrix. Let, the cost
function J is defined as

] = [ (x"Qx + uT Ru)dt (14)
The term linear quadratic refers to the linear system
dynamics, the quadratic cost function, and the gain
vector K, which is found for cost function minimization.
The optimum values for the state feedback matrix has
been determined based on the state-space model and
Ricatti equation for the LQR [33] is given as
ATP+ PA—PBR*—PBR'B'P+Q =0 (15
C. LQG controller
Linear Quadratic Gaussian is a classic optimal control
strategy that has the ability to handle noise in the
system. Certainly, the smart pump's accuracy will have
noise disturbances and can be handled with LQG [34].
The linear quadratic regulator which is an optimal
controller is combined with Kalman filter to manage
external noise w and v. the controller output u has to be
obtained based on the minimization of the cost function,
J(u) = ff:{:xf + 2xTNu+uTRu)dt  (16)

where, N is the value between control and the regulation
performance. The state feedback matrix, u(t) is given as
u(t)= -k*x(t), is required to minimize J(u).

Further, k, which is the gain matrix has to be solved
algebraically using Riccati equation which is is given as

ATs+sA—(sB+N)RLHBT's+NT)+Q =0
(17)
where s is a matrix and k is obtained from s. The
equation is expressed as,

K=RYBTs+NT) (18)
Further, the Kalman gain has to be determined for the
infusion pump. In general, the process noise Q and
measurement noise R is obtained as,

Q=E[ww!] and R = E[ww" ] (19)
Further, the Kalman gain, covariance matrix will be
determined and the response plot for the infusion pump
will be plotted to verify the control response parameters
tr, t,, and stability. The design of the transfer function
has been modified and verified for two different
micromotor specifications with 0651 and 1224A012
series as used in medical devices. The transfer function
obtained has been verified for its stability with respect
to the pole position and thereby pole replacement is
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accomplished to get a stable output response. The linear
quadratic controllers aim to reduce the quadratic
function with state feedback and performance of the
system is improved.

V. RESULTS
The performance analysis of the prediction models has
been analyzed for two different drugs for a subject
having a mean weight of 65 + 12.9 kg. Prediction of
infusion pump speed is carried out for both the drugs are
presented in Table 1. It is observed that the predictive
model’s PCR and SVR show a better fit as the statistical
parameters are found to be in the ideal range. The
prediction error is analyzed using RMSE, MSE, MAE,
and R?.
Table 1 Performance comparison of prediction models for
predicted infusion pump speed

Prediction Drug 1 [
model

Drug 2

RMSE | R? MSE MAE RMSE R? MSE MAE

PCR 0.0242 1 0.00586 | 0.01169 0.0045 1 2.04e-05 0.0019

SVR 0.4419 1 0.195 0.39 0.154 0.99 0.024551 0.13494

The correlation between the independent variables and
infusion pump speed is verified for two different drugs
using LR, PCR and SVR. The correlation coefficient in
PCR and SVR is found to be high as 1. The prediction
parameters found to be collinear when analyzed using
LR for the input variables drug dosage, the flow rate.
The predicted and residual response for infusion pump
speed for different drug dosages is shown in Fig. 2 and
Fig. 3.
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Fig.2. Linear regression analysis with PCR between
actual and predicted speed for (a) drugl and (b) drug2
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Fig.3. The residual response of actual and predicted
speed using PCR for (a) drugl and (b) drug2 datasets.

Table 2 Performance analysis of two infusion pump

Infusion Pump 1 Infusion Pump 2
LQR | LQG | PID | LQR LQG | PID
(with (with
8 o noise) noise)
o 88
EEE
588
g8
tr (sec) 0.608 | 0.653 | 12.4 | 0.000616 | 0.22 | 5.5
ts (sec) 1.04 1.15 19.3 | 0.00193 | 0.392 | 0.9

The predicted speed of two different pumps is verified
with PID, LQR, LQG control algorithms, and the
dynamic performance parameter rise time (t;), settling
time (t;) are shown in table 2. The transient response of
LQG is shown in Fig. 4 for both pumps.

Amplitude

0.6 0.8 1
Time (seconds)

(2)
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Motor 2

Amplitude

o 0.1 0.2 0.3 0.4 0.5

Time (seconds)
(b)
Fig. 4. Transient response for (a) pump motor!l and (b)
pump motor2 with LQG controller.

0.6 0.7 0.8

VI. DISCUSSION
Every drop of the fluid and drug to the patient is crucial.
Prediction of speed and control of the pump plays a vital
role in smart infusion systems. In this study, the infusion
pump speed is predicted using LR, PCR, and SVR
models. The performance evaluation of the predictive
models is carried out with error indicator measures
MSE, RMSE, MAE, and R? The prediction algorithms
tend to reduce the errors to yield high prediction
accuracy. The prediction error for the PCR model is
lower than that of the SVR model. The RMSE value of
the PCR model is observed to be less with 0.0045 for
drug2 and 0.0242 for drugl compared to the RMSE of
SVR model. The correlation coefficient indicates the
better predictive performance of predictive models and a
linear and high degree of correlation (R?=1) is observed.
Residual analysis for predictive models is implemented
and the residues are found to be around 0 to achieve
better prediction. The optimal speed control for two
medical graded electric motors is verified with control
strategies such as PID, LQR, and LQG. The transfer
function of the controller is employed with pole
replacement to obtain optimal control. The control
schemes have been validated with rise time and settling
time. Further, the optimal control techniques are
achieved with a rise time of 0.653sec, 0.22 sec, and
settling time of 1.15 sec, 0.392 sec for both the pumps
respectively. The values obtained by using LQR are
better than the traditional PID controller and when noise
is prominent, LQG is preferred. The current study can
be further validated with an infusion pump experimental
setup by employing the proposed prediction and control
models.
VII. CONCLUSION

The performance of an infusion pump depends
on the prediction and control of the pump speed,
optimum flow rate. These parameters influence dead
time and lag time for an infusion pump for different
types of drugs. In this study, the prediction and control
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of the infusion pump for the corresponding drug dosage,
the flow rate has been carried out. To achieve this LR,
PCR, SVR regression models have been used. The
predictive models are evaluated for accuracy and the
required optimum pump motor parameters are given as
setpoints to the controller. PID controller, LQR, and
LQG controller have been implemented to obtain
optimal control. The transient response analysis of the
system has been examined to obtain required rise time,
settling time for different control strategies. The
response analysis shows that the LQG controller results
with fast rise and settling time as required for the
infusion pump. Hence, the study proves that the
prediction and control of pump speed using regression
models, optimal controllers are necessary to provide fast
infusion of the drug to the patients with better accuracy.
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