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ABSTRACT   

The mechanical Left Ventricular Assist Device (LVAD) has become an important therapeutic device for 
patients with advanced heart failure. However, regulating LVAD pump speed under varying physiological 
conditions remains challenging due to the nonlinear and time-varying nature of the cardiovascular system 
(CVS). In this study, the CVS is represented using a lumped-parameter state-space model of the left ventricle 
derived from a nonlinear equivalent circuit. A model-free Neural Network PID (NN-PID) controller 
integrated with a fuzzy inference system is proposed for LVAD speed regulation. The NN-PID controller 
enables model-free pump speed control, while the fuzzy inference system adaptively tunes the controller 
parameters to accommodate changes in physiological conditions. Simulation results demonstrate that the 
proposed NN-PID controller improves pump-flow tracking accuracy and maintains the pump flow within an 
approximately physiological range of 1–4 L/min under varying operating conditions. The proposed controller 
also exhibits improved adaptability compared with the open-loop LVAD system. 

Keywords:  LVAD, the cardiovascular system, control parameter, neural network, fuzzy. 
 
1. Introduction 
 
Heart failure (HF) is one of the most prevalent cardiovascular diseases worldwide and is associated with 
substantial morbidity and mortality [1]. Heart transplantation remains the established treatment for patients with 
end-stage HF. However, its widespread application is limited by the complexity of the surgical procedure, the 
shortage of suitable donors, and the increasing prevalence of advanced HF [2], [3]. A left ventricular assist 
device (LVAD) provides an alternative therapeutic option for patients with advanced HF. It can be used as a 
bridge to transplantation (BTT) while a patient awaits heart transplantation or as destination therapy (DT) for 
patients who are not candidates for transplantation [4], [5]. LVAD therapy provides continuous circulatory 
support by implanting a mechanical pump that assists blood flow from the left ventricle to the aorta. The device 
helps maintain adequate systemic blood flow and reduces the workload imposed on the weakened ventricle. 
However, LVADs are often operated at a constant rotational speed, which may result in inadequate blood flow 
and increase the risk of adverse events, such as ventricular suction and pulmonary congestion, particularly under 
changing physiological conditions [7]. Therefore, effective LVAD speed regulation is essential to accommodate 
variations in the patient's physiological state and activity level while maintaining adequate blood flow and 
avoiding potentially harmful operating conditions. The researchers also sought to address the problem of 
controlling LVADs. According to Jeongeun Son et al. [8] the integral (I) feedback controller relies on a reference 
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value for pulsatility and continuously adjusts the pump speed to ensure an adequate blood flow rate that meets 
the body’s needs under various operational and physiological conditions.  V.C.A. Ko  et al.[9]  proposed a 
Centralized Multi-Objective Model Predictive Control (CMO-MPC) for Speed regulation of dual LVADs as a 
Biventricular Assist Device (BiVAD) system. The controller aims to regulate pump flow according to the Frank-
Starling mechanism. This controller relies heavily on pressure and flow sensors to predict future conditions and 
prevent problems from occurring. Jeongeun Son et al. [10] proposed a model-free adaptive controller (MFAC), 
characterized by its ability to adjust pump speed in real time without the need for an accurate mathematical 
model of the cardiovascular system, while taking into account the baroreflex mechanism, which led to improved 
hemodynamic stability and response to changing blood demand. Although several control strategies have been 
developed for LVAD speed and flow regulation, existing approaches may rely on accurate physiological 
measurements, patient-specific models, or computationally intensive control schemes. Model-free approaches 
can reduce the dependence on an accurate cardiovascular model. However, maintaining stable pump-speed 
regulation under nonlinear cardiovascular dynamics and changing systemic vascular resistance remains 
challenging. In addition, the integration of neural-network-based PID control with fuzzy gain tuning for LVAD 
speed regulation has received limited attention. Therefore, there is a need for a control framework that combines 
the model-free characteristics of neural-network-based PID control with the flexibility of fuzzy logic to improve 
controller parameter adjustment under varying physiological conditions. The main contribution of this study is 
the development of a fuzzy-integrated Neural- PID control framework for LVAD pump-speed regulation within 
a nonlinear lumped-parameter CVS model. The proposed framework combines a neural-network-based PID 
structure, which processes the current and delayed speed-tracking errors to generate the proportional, integral, 
and derivative control components, with a fuzzy inference mechanism for controller-parameter tuning. The 
proposed controller is evaluated under variations in systemic vascular resistance to examine its ability to 
maintain stable pump-speed regulation and appropriate pump-flow behavior under changing cardiovascular 
operating conditions. The effectiveness of the proposed control framework is further assessed by comparing the 
controlled LVAD response with constant-speed operation. The paper is organized as follows. Section 2 presents 
the mathematical models of the CVS and the LVAD. Section 3 describes in detail the proposed controller design 
based on a neural network and fuzzy scheme. Section 4 presents and analyzes the simulation results. Finally, 
Sections 5 and 6 present the discussion and conclusions, respectively. 
 
2.  Mathematical model of the CVS and LVAD  
 
The cardiovascular system (CVS) is a complex and dynamic system comprising numerous variables that 
describe a patient’s physiological condition [11], [12]. It consists primarily of the heart and blood vessels. Its 
primary function is to receive oxygen-depleted blood from the body and return it to the lungs, where it is 
oxygenated. The oxygen-rich blood is then returned to the heart, which pumps it to all parts of the body. Each 
side of the heart consists of two chambers: an atrium and a ventricle [13], [14]. 
A lumped-parameter model was utilized to simplify the design and analysis of the cardiovascular system [3], 
[15], [16], [17]. The model represents the major components of the circulatory system using equivalent elements 
based on the Windkessel model [12], [18], thereby providing a more tractable mathematical representation of 
the physiological system. “Fig. 1,” illustrates the equivalent electrical circuit used to represent the cardiovascular 
system incorporating an LVAD [19]. In this electrical analogy, the resistance, elasticity, and inertia of the blood 
vessels and blood flow are represented by equivalent circuit elements, namely resistance, capacitance, and 
inductance, respectively. Table 1 presents the electrical equivalents of the lumped-parameter model and their 
corresponding physiological variables [16]. 

Table 1. Electrical analogue of the cardiovascular system  [20] 
Hemodynamic parameters Circuit parameters 

Blood flow resistance Resistance 
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Figure 1. Equivalent electrical circuit representation of the CVS–LVAD model [19] 

 
c(t) reflects the compliance of the left ventricle (LV), as described by “Eq. (1)”, while incorporating a time-
dependent inverse capacitance function of the left ventricle to illustrate the elastic properties of the heart. “Eq. 
(2)” can give 𝐸(𝑡)	elasticity behavior that varies with time in mmHg/ml. This model represents the dynamic 
relationship between pressure and volume derived from the statement in “Eq. (4)” [19],[21]: 
 

𝑐(𝑡) 	= 1/𝐸(𝑡)                       (1) 
 

𝐸(𝑡) = (𝐸!"# − 𝐸!$%)𝐸%(𝑡%) + 𝐸!$%      (2) 
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   𝐸%(𝑡%)is the normalization function, the so-called “double hill” [14], [21]. 𝑡% = 𝑡/𝑡!"#  an 𝑡!"# = 0.2 +
0.15𝑡3 ,	𝑡3  corresponds to the time interval of one cardiac cycle,	𝑡3 = 60/𝐻𝑅  where 𝐻𝑅 is the heart rate 
expressed in beats per minute (bpm) [13]. 𝐸𝑚𝑎𝑥 is the end-systolic pressure, and 𝐸𝑚𝑖𝑛 is the end-diastolic 
pressure [3], where the 𝑣4 indicates the theoretical ventricular volume as determined by	𝑙𝑣𝑝(𝑡)=0 [3],[13]. 
From this previous expression,	𝑙𝑣𝑝(𝑡) can evaluate the 	𝑙𝑣𝑝(𝑡) = 	𝐸(𝑡) /𝑉+,(/) −	𝑉42 [12], [22]. The CVS is 
modelled using a state-space representation, where the model parameters define the system dynamics. The 
details of each model parameter are available in the literature [19]. The combined modelling of LVAD with 
CVS is represented by the following nonlinear time-varying differential equation [15]: 

 
𝑥̇(𝑡) = 	𝐴(𝑡)𝑥(𝑡) + 	𝐵(𝑡)𝑝(𝑥) + 𝑐𝑢(𝑡)                              (5) 

  
where x is a variables vector defined in Table 2, A(t), B(t) and  c are time-varying matrices, u(t) control variable 
to the pump speed ω(t), u(t)=𝜔)(t), which a controller will tune. The diodes are connected in series with resistors 
to mimic the behaviors of the heart valves[3],[19]. Valves are used to direct blood flow in a single direction and 

Blood flow rate Current  
Blood pressure Voltage  

Vascular compliance  Capacitance  
Blood inertia  Inductance  
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prevent backward flow [11],[22]. 𝑝(𝑥)	is a vector designed to replicate the nonlinear dynamics of heart valves 
[22]. The mathematical expression of the valve is given by “Eq. (6)”, where r(x) is the ramp function: 
 

𝑝(𝑥) = I

&
5'
𝑟(𝑥&& − 𝑥&))

&
5(
𝑟(𝑥&) − 𝑥&)

K ,	 r(x) =L		𝑥								𝑖𝑓	𝑥 ≥ 0
	0							𝑖𝑓	𝑥 < 0       (6) 

 
∆𝑝 represents the pressure differential across the LVAD pump, calculated as the difference between the inlet 
and outlet pressures, as defined in [23]. According to “Eq. (7)”: 
 

∆𝑝 = 	𝑙𝑣𝑝(𝑡) − 𝐴𝑜𝑝(𝑡) = 		𝛽4𝑥&6 + 𝛽&
7#&6
7/

	+ 𝛽)𝜔)     (7) 
 

𝛽4	, 𝛽&, 𝛽)	which are LVAD-dependent parameters, were set to 0.1707, 0.02177, and 9.9025× 1028, 
respectively.   The phenomenon of suction, which is defined in terms of suction resistance 𝑅9̅  [23], [24] as 
follows: 
 

𝑅9̅(𝑡) = L𝛼(	𝑙𝑣𝑝(𝑡) − 	𝑙𝑣𝑝(𝑡)_;<3)		𝑖𝑓																			𝑙𝑣𝑝(𝑡) ≤ 	 	𝑙𝑣𝑝(𝑡)_;<30	,																																																																							𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒       (8) 

 
Where 𝛼 = −3.5	𝑠/𝑚𝑙 is the LVAD-dependent parameter, where 	𝑙𝑣𝑝(𝑡)_;<3 is the threshold of the LV  [23], 
which is set to 1 mmHg. 	 

Table 2. State variables of the CVS–LVAD model [10],[19] 
State variable Cardiovascular system 

𝑥& Aortic pressure  
𝑥) Arterial systemic circulation blood flow  
𝑥6 Arterial systemic pressure  
𝑥= Venous systemic circulation blood flow  
𝑥> Right venous-atrial pressure  
𝑥? Right ventricular pressure 
𝑥8 Pulmonary artery pressure 
𝑥@ Arterial pulmonary circulation blood flow 
𝑥( Arterial pulmonary pressure 
𝑥&4 Venous pulmonary circulation blood flow  
𝑥&& Left venous-atrial pressure  
𝑥&) Left ventricular pressure 
𝑥&6 LVAD Pump flow 

 
3. The Adaptive Neural Network Controller  
 
The transfer function represents the dynamic behavior of the LVAD 𝐺-(𝑠). “Fig.2” illustrates the general block 
diagram of the NN-PID controller integrated with the LVAD-CVS model, where the motor torque and pump 
load torque are denoted by 𝑇Aand 𝑇-, respectively. The transfer function of the LVAD is expressed as: 

 
𝐺-(𝑠) =

&
B;CD

          (9) 
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Figure 2. General block diagram of the NN -PID controller with an LVAD-CVS 
 

where 𝐽 = 0.916 × 102? represents the rotor moment of inertia, and 𝐵 = 0.660 × 102? denotes the viscous 
friction coefficient. The pump load torque is defined as follows: 
 

𝑇- = 𝑓(𝜔, 𝑄E1FG) = 𝑎4𝜔6 + 𝑎&𝜔)𝑄E1FG               (10) 
 

where 𝑎4 = 0.738 × 102&)and 𝑎& = 0.198 × 102&4.“Fig. 3,” illustrates the block diagram of the NN-PID 
controller 
 

 
 

Figure 3. The NN-PID controller 
 

𝑘𝑝(𝑘) = 𝑓	𝑓𝑢𝑧𝑧𝑦(𝑒(𝑘), 𝑒(𝑘 − 1))       (11) 
 

𝑘$(𝑘) =
H)
I*

               (12) 

 
𝑘7(𝑘) = 𝑘-𝑇7 =	(𝑘- × (𝑇$/4))		 				 	 	 	 		 	 	(13)	

	
𝑓𝑢 = 𝑓(𝑘-𝑒(𝑘) + 𝑘$f𝑒(𝑘) + 𝑒(𝑘 − 1)g + 𝑘7f𝑒(𝑘) − 𝑒(𝑘 − 1)g)          (14) 
𝑢(𝑘) = (𝑢(𝑘 − 1) + 𝑓𝑢)               (15) 

 
Where L is the linear activation function 
 

𝑢(𝑘) = 𝑘-𝑒(𝑘) + 𝑘$f𝑒(𝑘) + 𝑒(𝑘 − 1)g + 𝑘7f𝑒(𝑘) − 	𝑒(𝑘 − 1)g + 𝑢(𝑘 − 1)                       (16) 
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The controller implementation is realized using a three-layer computational structure [25]. The input layer 
receives the current error 𝑒(𝑘)and the delayed error 𝑒(𝑘 − 1). The hidden layer contains three processing nodes 
with fixed synaptic weights to extract the discrete proportional, integral, and derivative components. The first 
node receives 𝑒(𝑘) with a unit weight to generate the proportional term. The second node combines 𝑒(𝑘) and  
𝑒(𝑘 − 1)to approximate the discrete integral action. The third node computes the backward difference 
 

Δ𝑒(𝑘) = 𝑒(𝑘) − 𝑒(𝑘 − 1)        (17) 
 

which represents the discrete derivative component. The proposed controller adopts a hybrid fuzzy-neural 
architecture. “Fig. 4” illustrates the NN-PID controller structure for LVAD-CVS, in which the conventional 
fixed-gain PID structure is replaced by a modified neural network whose controller parameters are tuned online. 
The network consists of an input layer receiving the error signal e(k) and its previous value e(k−1), a hidden 
layer with fixed connection weights (+1, +1, +1, +1, −1) that generate the proportional, integral, and derivative 
components of the control action, and an output layer that combines these components using time-varying gains 
𝑘-(𝑘), 𝑘$(𝑘), and 𝑘7(𝑘). Unlike conventional neural PID structures that adapt all weights through gradient-
based learning, the adaptive gains in this network are supplied externally by a fuzzy inference scheme, which 
maps the error e(k) and the delayed error 𝑒(𝑘 − 1). to an instantaneous proportional gain 𝑘-(𝑘),  through a 
predefined fuzzy rule base. The integral and derivative gains are subsequently derived from 𝑘-(𝑘), through the 
relations illustrated in “Eq. (12)” ,“Eq. (13)”, respectively. 

 

Figure 4. NN-PID controller structure with the LVAD-CVS 

 
The fuzzy scheme used to tune the proportional gain 𝑘𝑝(𝑡)consists of three main stages: fuzzification, fuzzy 
rule base, and defuzzification 
Fuzzification: In this stage, the crisp input signals are converted into their corresponding fuzzy membership 
values using the predefined triangular membership functions. The fuzzy controller receives two inputs, namely 
the current tracking error (𝑒(𝑘)) and the previous tracking error (𝑒(𝑘 − 1)), and generates one output (𝑘-(𝑘)). 
Fuzzy rule base: Based on the selected input membership functions, a set of fuzzy IF–THEN rules is employed 
to determine the appropriate adjustment of the proportional gain. The fuzzy rules used in the proposed scheme 
are presented in Table 3. In this table, N, P, and Z denote negative, positive, and zero, respectively. The 
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defuzzification process converts the output of the combined fuzzy system (Fuzzy Inference System) into a crisp 
numerical value by the following equation: 
 

𝑢 = J+(&)∗L</-</(&)CJ+())∗L</-</())C⋯CJ+(%)∗L</-</(%)
J+(&)CJ+())C⋯CJ+(%)

            (17) 

Where 𝑛 represent the number of rules and 𝜇<(𝑛) represent the output 𝑢	membership value. The output ranges 
from (0 to 0.9) ×102= 
 
 
 
 
 
 
 
 
 
The speed-tracking error and its rate of variation are continuously monitored. In addition, the neural-network-
inspired computational structure facilitates the dynamic extraction of proportional, integral, and derivative error 
characteristics from the current and delayed tracking-error signals. This adaptive mechanism enhances the 
flexibility and responsiveness of the proposed controller, allowing it to accommodate rapid hemodynamic 
variations and the nonlinear operating conditions of the LVAD pump without requiring manual retuning of the 
PID gains.  
 
4.  Simulation Results and Analysis 
 
The performance of the CVS model “Eq. (5)” and the complete controlled LVAD with the CVS model is 
demonstrated with MATLAB software version R2024a. 
 
4.1 The Simulation Result for CVS To Normal Heart 
 
This section presents simulated hemodynamic responses of the left-sided cardiac circulation based on the 
mathematical model defined in “Eq. (5)”. The model is parameterized to represent a healthy heart. “Fig. 5” 
illustrates the response of a normal heart at an HR = 75 bpm and an unstressed ventricular volume. “Fig. 5-a” 
depicts typical values in a healthy CVS profile, highlighting the physiological variation between diastolic and 
systolic phases. Left ventricular, left atrial, and arterial pressures (mmHg) reflect normal systemic arterial 
dynamics, and the aortic pressure waveform exhibits a similar physiological range and pattern of fluctuations. 
“Fig. 5-b” presents the corresponding left ventricular volume (mL), showing consistent filling and ejection 
patterns. The pressure–volume (PV) relationship is further characterized in “Fig. 5-c”. The loop morphology is 
consistent with normal cardiac function, defined as the difference between end-diastolic volume (EDV) and 
end-systolic volume (ESV). “Fig. 5-d” demonstrates the total flow from the aorta in a healthy heart. 
 

Table 3. Rule table of fuzzy scheme 

P N  

P Z N 
Z N P 

	𝑒̇(")  
𝑒(")  
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(a)  (b)  

  
(c)  (d)  

Figure 5. The simulated hemodynamic waveform for a normal heart (a)- Pressure(mmHg) 
 (b)- Volume (mL) (c)- PV- loop (d) -Total flow (mL/s). 

 
4.2 The Simulation Result for the LVAD Device 
 
“Fig. 6” illustrates the LVAD response at constant speed. The flow wave appears regulated, but the curve 
shows clear irregularity with sharp, recurrent drops in flow rate, indicating a possible suction event in the 
LVAD. This may result from the pump’s increased speed relative to the left ventricular filling rate, causing 
the ventricular wall to move toward the pump inlet and reducing the volume of blood the pump draws. These 
disturbances and fluctuations in the waveform are reflected in sudden drops in instantaneous flow values. 

 
Figure 6. Performance of LVAD flow in mL/s without controller. 
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4.3   Simulation Results of LVAD Performance Under Suggested Control  
 
 An NN–PID controller was applied to the LVAD system. “Fig. 7” illustrates the device's speed and flow 
responses. The speed signal exhibits a periodic waveform due to the cyclic nature of the CVS connected to the 
LVAD “Fig. 7-a”. Furthermore, the NN–PID controller effectively suppresses oscillations and compensates for 
disturbances caused by the nonlinear dynamics of the cardiovascular system, resulting in stable and accurate 
speed regulation. Fig. “7-b” also shows the flow response of the LVAD pump, where the flow curve appeared 
relatively smooth and remained within normal physiological limits. No sharp peaks or sudden drops in flow 
were observed, indicating that no suction phenomenon occurred as a result of excessive blood withdrawal by 
the pump. Fig. “7-c” shows the variation of the PID gains 𝑘-, 𝑘$, and 𝑘7 during the simulation. The results 
indicate that the LVAD speed reaches its desired value rapidly, resulting in a rapid reduction in the tracking 
error. Consequently, the PID gains stabilize quickly after the initial transient period and remain nearly constant 
for the remainder of the simulation. This rapid stabilization of the gains reflects the fast response of the proposed 
controller. The simulation was conducted at a rotational speed of 12,000 rpm for 60 seconds, allowing for the  
monitoring of flow behaviors during successive cardiac systole and diastole cycles. The results demonstrate the 
pump’s stable performance and its ability to adapt to cyclic changes in the CVS while maintaining blood flow. 

  
(a) (b) 

 
(c) 

Figure 7. Performance of LVAD under NN-PID controller (a)- Pump speed rpm (b)- Pump flow mL/s    
(c)- Time variation for controller parameters (𝑘-, 𝑘$, 𝑘7). 

 
The transient performance of the proposed controller was evaluated in terms of the rise time (𝑡N), maximum 
overshoot (Mp), settling time (𝑡;), and steady-state error (𝑒;;). The results show a rapid response, with a	𝑡N of 
approximately 0.3 s, indicating that the LVAD speed reaches more than 90% of its final value early in the 
response. The MP is approximately (1.5- 2) %, demonstrating a small deviation from the desired speed. The 
𝑡;	based on the ±2% criterion is approximately (1.5) s. After this period, small oscillations of approximately 
±120 rpm remain around the 𝑒;;. The ess is approximately (0.75) rpm. Overall, these results demonstrate that 
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The proposed controller provides a fast response. The small residual oscillations in the LVAD speed response 
can be attributed to the inherent periodic nature of the CVS. 
The systemic resistance 𝑅; was adjusted from 1.5 to 1 and then to 0.75 to simulate the gradual decrease in 
systemic vascular resistance that occurs during the transition from rest to physical activity. Rs represents the 
resistance encountered by blood as it flows through the systemic circulation and thus reflects the afterload on 
the heart and the LVAD. “Fig. 8” demonstrates the pump flow with afterloads. Reducing the value of 𝑅; 
decreased the afterload and facilitated blood flow to the systemic circulation, which resulted in increased LVAD 
flow. These results indicate that device performance is directly affected by physiological changes. 
 

 
Figure 8. Effect of systemic resistance (𝑅;) variation on LVAD flow performance 

 
5. Discussion 
 
Regulating LVAD flow and preventing suction remain key challenges in operating the device and integrating it 
with the patient’s circulatory system. The proposed control strategy aims to regulate LVAD pump speed under 
varying physiological and hemodynamic conditions, including rest and exercise, while maintaining adequate 
blood perfusion and avoiding ventricular suction. To achieve this objective, a hybrid control structure combining 
a neural network and fuzzy logic was developed to improve PID parameter regulation. 
The obtained results demonstrate that the proposed controller provides a fast speed response while maintaining 
an appropriate pump-flow waveform under varying cardiovascular dynamics. This behavior indicates the 
effectiveness and robustness of the control strategy in handling time-varying hemodynamic conditions. The 
satisfactory flow response, together with rapid speed tracking, suggests that the controller can compensate 
effectively for changes in cardiovascular load without causing excessive fluctuations in pump response. 
The improved performance can be attributed to the complementary roles of the neural-network and fuzzy-logic 
components. The neural network reduces the error between the desired reference signal and the actual system 
response, thereby improving tracking capability. Meanwhile, the fuzzy-logic mechanism updates the PID gains 
(𝑘-), (𝑘$), and (𝑘7) according to the system error and its variation. These gains are incorporated into the neural-
network-based PID control structure, allowing the controller parameters to respond to changes in system 
dynamics. In contrast to the conventional PID controller, which relies on fixed gains, the proposed approach 
provides variable control gains that better accommodate changes in cardiovascular load and physiological 
demand. 
This adaptive interaction between the neural network and fuzzy logic contributes to a faster transient response, 
reduced oscillations, and improved system stability. In particular, maintaining an appropriate pump-flow 
waveform despite the periodic and nonlinear behavior of the cardiovascular system demonstrates the proposed 
controller's capability to sustain effective LVAD operation under changing physiological conditions. Therefore, 
the simulation results support the effectiveness of the proposed hybrid strategy for robust LVAD speed 
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regulation and indicate its potential to maintain adequate pump flow while improving the stability and dynamic 
response of the overall CVS-LVAD system. 
 
6. Conclusion 
 
This study investigated the use of a mathematical model of the cardiovascular system (CVS) based on the 
lumped-parameter approach, which provides a simplified and effective representation of the dynamic behavior 
of the circulatory system through equivalent elements for pressure, flow, resistance, and compliance. The 
developed model demonstrated a good capability to simulate normal physiological conditions of the heart and 
reproduce key hemodynamic variables with acceptable accuracy, confirming its suitability as a platform for 
evaluating the performance of cardiac support systems. A control system combining neural networks and fuzzy 
logic was also employed to regulate the pump speed and control the blood flow rate according to the patient’s 
physiological requirements. The neural network enhanced the system’s ability to adapt to dynamic changes in 
cardiac conditions, while the fuzzy scheme provided a flexible control mechanism capable of handling the 
uncertainty and nonlinearity inherent in the cardiovascular system. The simulation results demonstrated that the 
proposed controller effectively regulated the pump speed and maintained appropriate flow rates within normal 
physiological limits, while reducing fluctuations and improving the consistency between pump performance 
and the body’s blood flow requirements. 
 
List of abbreviations 
 

Abbreviations Meaning 
𝑐(𝑡) Compliance of the left ventricle 
LV left ventricle 
𝐸(𝑡) Elasticity of the left ventricle 
𝐸!"# End-systolic pressure 
𝐸!$% End-diastolic pressure 
𝐸%(𝑡%) The normalization function 
𝑡3 Time interval of one Cardiac cycle 

𝑙𝑣𝑝(𝑡) Left ventricular pressure 
𝑉+,(/) Volume of the left ventricle 

𝑣4 Theoretical ventricular volume  
𝐴(𝑡) Time-varying matrix 
𝐵(𝑡) Time-varying matrix 
𝑐 Time-varying matrix 
𝑥(𝑡) variables vector  
𝑢(𝑡) The control variable 
𝑝(𝑥) Vector represents the heart valve 
𝑅! Mitral valve resistance 
𝑅F Aortic valve resistance 
r(x) Ramp function 
∆𝑝 Pressure difference 

𝐴𝑜𝑝(𝑡) Aortic pressure 
ꞷ Rotational pump speed 
𝑅9̅  Suction resistance 
𝛼 LVAD-dependent parameter 
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	𝑙𝑣𝑝(𝑡)_;<3 Threshold of the LV   
𝐺-(𝑠) Transfer function 
𝐽 Rotor moment of inertia 
𝐵 Viscous friction coefficient 
𝑇- The pump load torque  
𝑘$ Integral gain coefficient  
𝑘- Proportional gain coefficient  
𝑘7 Derivative gain coefficient  
𝑇$ Integral Time 
𝑇7 Derivative time 
𝑒(𝑘) Error 

𝑒(𝑘 − 1) Delayed error  
𝑄E1FG	 Pump flow 
𝑛 Number of rules  
𝑢 Output from fuzzy 

HR Heart rate 
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﴾نَینِمِؤْمُلْابِوَ هِرِصَْنبِ كََدَّیَأ يذَِّلا وَھُ ُۚ kَّ كََبسْحَ َّنِإَف كَوعَُدخَْی نَأ اوُدیرُِی نإِوَ﴿ :  


