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Abstract: In this contribution, a methodology from identification to sensorless control for a vibrating 

membrane pump prototype is presented and evaluated, with the objective to drive an innovative cardiac 

assist device. For this purpose, a model of the pump is presented to design an observer-based stroke 

controller that only uses current measurement. Model parameters are identified experimentally with a 

dedicated test bench and are used to tune the controller. The control strategy is evaluated on a hydraulic 

test bench. 
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1. INTRODUCTION 

Chronic heart failure is a medical condition where the heart is 

unable to pump blood to sustain body needs. 2% of adults of 

the western hemisphere suffer from it (Savarese and Lund, 

2017). It is a costly and often deadly disease. For the most 

severe cases, when heart transplantation is impossible, 

technological advances have made possible for surgeons to 

implant mechanical assist devices that restore blood perfusion. 

They consist of a pump whose inlet is connected to the left 

ventricle while the outlet is connected to the aorta. Blood is 

thus pumped directly from the left ventricle to the aorta. They 

are commonly named left ventricular assist device (LVAD). 

Several pumping technologies have already been used for 

heart assistance. They are all subject to the same main 

requirements: the pump must be powerful enough to restore 

blood perfusion. The system must not be subject to failure 

during its operation. The pump must be small sized to be 

surgically implanted. The first generation was blood-filled 

sacs emptied by an air compressor or a pusher plate driven by 

an electric motor. Although capable to closely mimic the heart 

operation those devices lacked reliability (Yuan et al., 2012). 

The next generations consist of rotating pumps such as in 

(Griffith et al., 2001). Those are smaller, more reliable and 

considerably improved patient survival rates. However, those 

devices are sized to generate a continuous blood flow as they 

are operating at a near constant rotation speed. Patients using 

these pumps are prone to medical complication such as 

ventricular suction, haemolysis due to blood cell shear stress 

near the pump’s rotating blades, or even thrombus formation 

and gastrointestinal bleedings. All these pumps require control 

laws to ensure safe operation, which is a challenge because 

adding sensors in the human body or in the pump itself is 

always detrimental in terms of biocompatibility, sizing and 

energy consumption. 

The undulating membrane technology is originally patented in 

(Drevet, 2001). It is made of an inlet, an outlet and a pump 

body that is the space between two rigid walls where the 

membrane is excited at one end by a periodic force as shown 

in (Feier et al., 2002; Perschall et al., 2012). The excitation 

creates a deformation wave that propagates from the excited 

end to the other end that is close to the outlet. During this 

process, the deformation energy of the membrane is converted 

into kinetic energy of the fluid. 

In this application of the technology (see Figure 1) the 

excitation is made by a moving magnet actuator. It is made of 

two coils wound inside a stator that are powered by electric 

current. The magnetic flux passes through a permanent magnet 

ring. This results in a magnetic force applied to the tip of the 

membrane as the magnet is fixed to it. The centring of the 

magnet ring around the stator is guaranteed by a set of circular 

springs. The operation of the pump is a challenge because 

unlike rotary pumps, the operation point of the undulating 

membrane pump is set by the amplitude and frequency of the 

membrane tip excitation. Indeed, the higher the stroke or 

frequency is, the higher the pressure head will be. It means that 

the stroke of the pump must be tightly controlled so it can be 

set fast enough to create a pressure pulse that could be 

synchronized with heartbeats. Care must also be given not to 

damage either the membrane, blood or other mechanical parts 

by excessive stress. Overstress can be caused by over-

powering the actuator or by perturbation forces induced by the 

remaining activity of the heart. To simplify pump design and 

improve biocompatibility it is recommended to avoid adding 

position sensor, velocity or acceleration sensors. 
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Studies showing that it is possible to control moving magnet 

actuators without using position sensors have already been 

completed for similar applications. Some like (Zhang et al., 

2009) compute a back electromotive force (bemf) that is 

proportional to velocity from an equivalent electric circuit. 

Estimated velocity is then integrated to get the position. It 

shows that it is possible to get a position estimate with an a 

priori knowledge of an electric model of the actuator. 

However, coil current derivate must be computed which makes 

the estimation very sensitive to measurement noise. (Latham 

et al., 2016) dealt with this issue by conceiving a velocity 

observer that does not require to compute current derivative. 

In those two cases, the resulting estimated position is sensitive 

to measurement bias in the velocity estimation that results in 

position drift when estimated. This effect can be bounded by 

adding another observer as proposed in (Aschemann et al., 

2018; Mercorelli, 2017a, 2015, 2014, 2012, 2009). This 

second stage observers use the motion equation of the actuator 

and are robust to unknown force perturbations or estimate 

them. In all cases, these studies are limited to a domain of 

operation where magnetic properties of the actuator have little 

variations, i.e. electric parameters of the actuator are assumed 

to be constant. In our case, the actuator size is small compared 

to its performance requirements. It means that the large motion 

of the permanent magnet, and the high coils current will induce 

non-linear effects like magnetic saturation of the iron core. 

 

Figure 1. Commercial schematics of the pump. Flow direction is 

indicated by red arrows 

Our contribution thus aims to synthetize a sensorless nonlinear 

stroke controller for this pump. It must be robust to pressure 

and flow variations of the pump, allow for a fast change of 

operation point and take into account magnetic non linearities. 

For this purpose, we propose a model of the pump that can be 

identified experimentally with a recursive least square 

algorithm, and to use that model in a control structure. We 

evaluate the control structure experimentally on a dedicated 

test bench and compare it to the case where only a linear model 

is used, and to the case where the observer is replaced by a 

position sensor. 

The paper is organised as follows: Section 2 presents pump 

model. Section 3 details the observer-based stroke controller 

and the identification scheme used to calibrate the model of the 

real prototype. Section 4 provides results of the identification 

and control evaluation. 

2. PUMP MODEL 

The pump is composed of an electric actuator and the 

membrane parts, as in Figure 1. As the two coils of the actuator 

are connected in series, the electric circuit and the moving 

parts can be represented by one Kirchhoff equation and one 

equation of motion:  

𝑉𝑖𝑛(𝑡) = 𝑅𝐼 + 𝐿(𝑥, 𝐼)
𝑑𝐼

𝑑𝑡
+ 𝐸(𝑥, 𝐼)

𝑑𝑥

𝑑𝑡
 (1) 

𝑚�̈�(𝑡) = 𝐹𝑚𝑎𝑔(𝑥, 𝐼) + 𝐹𝑠(𝑥) + 𝐹𝑚𝑒𝑚𝑏(𝑡) (2) 

where 𝑉𝑖𝑛, 𝑥, 𝐼, 𝑅, 𝐿 and 𝐸 are respectively the input voltage, 

magnet position, coils current, coils resistance, coils 

inductance and the (𝑏𝑒𝑚𝑓) factor 𝐸. 𝐹𝑚𝑎𝑔 represents the 

magnetic force generated by the actuator and 𝐹𝑠 the spring 

restoring force. For this study, we assume that the membrane 

force 𝐹𝑚𝑒𝑚𝑏  is unknown but bounded and piecewise 

continuous. This assumption is motivated by the changing 

pressure/flow conditions during the membrane-fluid 

interaction that makes it complex to model 𝐹𝑚𝑒𝑚𝑏(𝑡) by an 

analytic function that could be useful to the controller. The 

next section shows that we can develop an observer that is 

robust to this unmodelled force.  

3. MODEL IDENTIFICATION AND SENSORLESS 

STROKE CONTROL 

3.1. Model identification 

In order to validate and adjust the above-mentioned model (1) 

-(2) an experimental parametric identification procedure has 

been performed. We have used a recursive least square 

estimation scheme and a proper experiment design.  

Parameters 𝑅, 𝐿(𝑥, 𝐼) and 𝐸(𝑥, 𝐼) from (1) are unknown, and 

the variable 𝑉𝑖𝑛, 𝐼 and 
𝑑𝐼

𝑑𝑡
 are piecewise continuous. In our 

previous work (Scheffler et al., 2019) we proposed to estimate 

the 3 parameters simultaneously. Numerical experiment 

showed the feasibility of the method. However, from a 

practical viewpoint it requires some specific inputs signals to 

enhance the identifiability. Indeed, we need to power the coils 

and actuate the moving parts of the actuator independently 

from each other. Moreover, the persistence of excitation 

condition related to the convergence of the RLS algorithm 

specifies that the actuation frequency has to be high. Finally 

even if 𝐸 is identified alongside 𝑅 and 𝐿 we would still need 

to measure the forces 𝐹𝑚𝑎𝑔 and 𝐹𝑠. We show in the following 

that a “static” identification coupled to a force measurement is 

enough to identify the whole model. Indeed, it is more efficient 

to assume that the motion of the actuator is negligible so �̇� ≃
0. This means that (1) becomes: 

𝑉𝑖𝑛(𝑡) = 𝑅𝐼 + 𝐿(𝑥, 𝐼)
𝑑𝐼

𝑑𝑡
 (3) 

In this case it is no more possible to estimate 𝐸(𝑥, 𝐼) alongside 

𝑅 and 𝐿(𝑥, 𝐼). However, a simple force sensor suffices to 

Preprints of the 21st IFAC World Congress (Virtual)
Berlin, Germany, July 12-17, 2020

8805



 

 

     

 

measure 𝐹𝑚𝑎𝑔(𝑥, 𝐼) + 𝐹𝑠(𝑥) for all (𝑥, 𝐼). Then it is possible to 

recover 𝐸(𝑥, 𝐼) with the following relation: 

𝐸(𝑥, 𝐼) =
𝜕𝐹𝑚𝑎𝑔(𝑥, 𝐼)

𝜕𝐼
 (4) 

Further information can be found about this relation in 

(Wiedemann, 2012). (3) can be then rewritten as: 

𝑦 =
𝑑𝐼

𝑑𝑡
= 𝚿𝑻𝜽 (5) 

𝜽 = [
1

𝐿

𝑅

𝐿
] (6) 

𝜳𝑻 = [𝑉𝑖𝑛 −𝐼] (7) 

 For each sample 𝑛 > 0, one have  

�̂�𝒏 = �̂�𝒏−𝟏 + 𝑲𝒏(𝑦𝑛 − �̂�𝑛) (8) 

�̂�𝑛 = 𝚿𝐧
𝑻�̂�𝒏−𝟏 (9) 

𝑲𝒏 = 𝜳𝒏𝑸𝒏 (10) 

𝑸𝒏 =
𝑷𝒏−𝟏 

𝜆 + 𝜳𝒏
𝑻𝑷𝒏−𝟏 𝜳𝒏

 (11) 

𝑷𝒏 =
1

𝜆
(𝑷𝒏−𝟏 −

𝑷𝒏−𝟏 𝜳𝒏𝜳𝒏
𝑻𝑷𝒏−𝟏

𝜆 + 𝜳𝒏
𝑻𝑷𝒏−𝟏 𝜳𝒏

) (12) 

0 < 𝜆 < 1 is a forgetting factor, and 𝑷𝒏 the covariance matrix. 

To guarantee the convergence of the algorithm we must 

respect the persistence of excitation condition. In a loose sense 

it means that all mode of the system must be excited. It can 

also be stated as:  

𝛼𝑰 ≤  ∑ 𝜳𝒏
𝑻𝚿𝒏 ≤ 𝛽𝑰

𝑗+𝑆

𝑛=𝑗

 (13) 

with 𝛼, 𝛽 some positive constants and 𝑆 an integer. 

3.2. Sensorless stroke controller 

With the provided model and the means to identify it, we have 

to provide a controller for the pump that does not rely on a 

motion sensor. In the following section we will present the 

proposed observer-based sensorless controller. To develop the 

position observer, we follow a cascaded observer approach 

(see Figure 2): a first stage is devoted to the estimation the 

velocity of the moving parts from (1). Its output is used in a 

second stage, that relies on (2), which estimate the position of 

the moving part. This estimation is then fed back to the first 

stage to compute the values of 𝐿(𝑥, 𝐼) and 𝐸(𝑥, 𝐼), thus 

conserving the accuracy of the model used to compute 

velocity. Then, a controller is provided to keep the desired 

stroke level. 

 

Figure 2. pump control diagram 

3.2.1. Two stage observer 

Velocity can be estimated by different approaches. The first 

one is to take and rewrite (1) as:  

�̂� =
1

𝐸(�̂�, 𝐼)
(𝑉𝑖𝑛 − 𝑅𝐼 − 𝐿(�̂�, 𝐼)

𝑑𝐼

𝑑𝑡
) (14) 

As 𝐸 shows a strictly positive lower bound in the operation 

range of the system and 𝐼 is differentiable, it is always possible 

to get a correct estimate of �̇� (noted �̂� per convention) if �̂� =
𝑥. However (14) interest is limited for a direct implementation 

as computing the derivative of 𝐼 will be corrupted by noise. To 

remedy this it is possible use a low pass filter, or a derivative 

estimator such as in (Levant, 1998; Mboup et al., 2009). Other 

methods as in (Aschemann et al., 2018; Latham et al., 2016; 

Mercorelli, 2015, 2014) develop a dedicated observer for the 

velocity computation. In all cases, noise attenuation and low 

delay in the estimation are necessary to give a good estimate 

to the second stage. For practical implementation on a real time 

target the required sampling frequency should not be too high 

to not cause overflow. 

For the 2nd stage, by noting �̂� and �̂̇� are the observed position 

and velocity the observer is formulated as:  

[�̂̇�
�̂̈�

] = 𝑨 [
�̂�
�̂̇�

] + [
0

𝐹(�̂�, �̂̇�, 𝐼)
] + [

𝑘1

𝑘2
] (�̂� − �̂̇�) (15) 

 

where matrix 𝑨 regroup the linear part of (2), 𝐹 is a function 

describing the non-linearities and 𝑲 = [𝑘1 𝑘2]𝑇 the observer 

gain matrix that is chosen such that  

lim
𝑡→∞

[
𝑥 − �̂�
�̇� − �̂̇�

] = 𝟎 (16) 

(Mercorelli, 2017b) demonstrates that it is possible to choose 

a gain matrix that guarantee (16) and is robust to unmodelled 

dynamics considered as bounded, piecewise continuous 

perturbation forces. Nevertheless, his demonstration assumes 

that �̂� = �̇�, i.e., there is no error (or negligible) in the velocity 

estimator. It does not guarantee the robustness regarding 

uncertainties acting on the measurement, which in our case 

would be due to an estimation error from the first stage. 

3.2.2. Stroke controller 

The stroke controller is designed to keep the stroke of the 

membrane tip close to the desired level. It consists of a 

feedforward and a PI controller. The feedforward is a 

linearization of (1) and (2) around the resting point (𝑥 = 0, 𝐼 =
0), given in (17) and (18). It takes as input the desired position 

𝑥𝑑 at each time step to compute 𝑉𝑖𝑛 as: 

𝑉𝑖𝑛 = 𝑅𝐼𝑑 + 𝐿(0,0)
𝑑𝐼𝑑

𝑡
+ 𝐸(0,0)

𝑑𝑥𝑑

𝑑𝑡
 (17) 

𝜕𝐹𝑚𝑎𝑔

𝜕𝐼
(0,0)𝐼𝑑

= 𝑚�̈�𝑑 −
𝜕𝐹𝑠𝑝𝑟𝑖𝑛𝑔𝑠(0)

𝜕𝑥
𝑥𝑑 − 𝛼

𝑑𝑥𝑑

𝑑𝑡
 

(18) 

where 𝛼 represents a viscous damping coefficient that could 

be related to the membrane force. We choose to keep a linear 

formulation of the feedforward as its effect will be 

predominant only at start-up or at a change of operating point. 

The remaining unknown perturbations acting on the output are 

rejected by a PI controller that adjust the amplitude of the 

excitation. One way to estimate this amplitude is to define an 

amplitude estimator �̂�(𝑡) that is valid if 𝑥(𝑡) is sufficiently 

close to a sinus function, i.e.: 
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�̂�(𝑡) = √�̂�(𝑡)2 + �̂� (𝑡 −
1

4𝑓(𝑡)
)

2

 (19) 

4. RESULTS 

In this section we test the implementation of our methodology. 

The implementation of the identification and control 

algorithms is done on a DSpace MicrolabBox at a sampling 

frequency of 20 kHz, which is sufficiently high compared to 

the target frequency of our system, and sufficiently low to 

allow for all the required calculus to be done between each 

sampling. The power electronics used is an H-bridge circuit 

with a current sensor. Our end goal is to evaluate the whole 

control strategy. To validate our approach, the stroke of the 

pump must be set to a desired level of 0.9 mm and kept to that 

level for various flow conditions. In practice the minimum and 

maximum positions of the membrane tips must not go beyond 

a tolerance of ±0.1𝑚𝑚. If this condition is not respected, 

overshoots could wear out the moving parts and undershoots 

results in a loss of hydraulic power output. For this purpose, 

two dedicated test benches are used. The first one is a modified 

pull tester that enable the identification of the model of the 

pump. The second is a hydraulic circuit that to which the pump 

is connected. More details are available in the following 

sections. 

4.1. Identification results 

The identification test bench shown in Figure 3Erreur ! Source 

du renvoi introuvable. is composed of the pump actuator that 

is fixed to a strain gage who measure the springs and magnetic 

forces. The position of the magnet is set by an electric cylinder 

and measured by a laser sensor. To respect condition (13), an 

average current is set by a discrete PI current controller while 

500 Hz frequency, 50% duty cycle square waveform is added 

to the voltage. The square wave amplitude is chosen to make 

the current signal variate around its set point with an amplitude 

of 0.1 A. Indeed, we find that too little excitation the of high 

frequency component gives us a poor estimation of the 

inductance. Conversely, too much current variation results in 

an inaccurate estimation of the inductance when saturation 

occurs. Sampled points are interpolated by smoothing 

functions and  

 

Figure 3. Pull tester picture and schematics 

stored into lookup tables. Samples with a mean current below 

0.2 A are discarded because we consider they do not respect 

condition (13). Results are shown in Figure 4Erreur ! Source 

du renvoi introuvable. and are in line with our expectations: 

measurement with an RLC meter gives an electric resistance 

of 3.9 Ω, that is close to the resistance identified, and an 

inductance of 22 mH, which corresponds to the value 

identified around the resting point of the inductance 

 

Figure 4. Identification results. Blue dots are sampled data and red 

crosses are discarded samples 

 

Figure 5. hydraulic test bench 

4.2. Stroke control results 

Once the actuator is identified, the pump is fully assembled in 

a transparent housing. it allows a laser measurement of the 

motion of the membrane tip through the housing. The pump is 

placed on a hydraulic test bench composed of a tank, pipes, a 

flow sensor and pumps that changes the flow condition of the 

hydraulic circuit. The fluid used during the test is a water-

glycerol mixture whose viscosity is close to blood vicosity. 

The bench is displayed in Figure 5. The stroke controller is 

evaluated for different operation points of the pump, i.e., a 

target stroke at various frequencies of operation and flow 

conditions. A result example is displayed in Figure 6. In this 

case, the frequency of actuation is set to 70 Hz, and the 

auxiliary pumps are turned off. Stroke reaches the desired level 

and is kept constant. The second test is a frequency sweep 

shown in Erreur ! Source du renvoi introuvable.. The 

controller is able to keep the desired stroke sufficiently close 

to its target for each frequency, where the linearized version of 

the observer is not. During the last test, the auxiliary pumps 

are turned on to lower the flow across the pump and generate 

a perturbation. The controller is able to keep the error below 

the tolerance for flow above −6 𝐿𝑝𝑚 as shown in Figure 8 
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Figure 6. Position of the moving parts, coils current and supplied 

voltage during pump operation. Top figure: blue is the measured 

position, red is the observed position. Red dashes symbolise the 

tolerance. 

5. DISCUSSION 

This study has two objectives: the identification of a model of 

this actuator and its control. Regarding the identification 

procedure, we showed a methodology that is able to 

characterize almost all parts of the actuator, from coils to 

springs. To complete the model of the pump, two components 

remain to be characterized. The first is the membrane force that 

can only be measured or estimated during a dynamic test 

where the pump is immersed in a fluid and operated. The 

second is the effect of eddy currents in the iron core that we 

have neglected in the model because the actuator design is 

intended to minimize them. If the eddy currents were not 

negligible, they could affect negatively the frequency response 

of the stroke controller. The stroke controller is able to keep 

membrane stroke to the desired value for conditions that are 

worse than what could happen if the pump was implanted on a 

human patient. Indeed, in real conditions backflow is normally 

avoided by increasing the operation point of the pump to 

restore the correct flow rate. Even better, we were able to 

extend the operation range of the stroke controller compared 

to an implementation with a linear model of the actuator.  

This indicates that the results presented above are encouraging. 

However, the convergence of the observer is not guaranteed in 

case there is an estimation error in the first stage. Indeed, the 

proof of convergence must be established in the presence of 

this estimation error. Based on the work of (Lien, 2004) and 

(Kheloufi et al., 2015), (17) is now rewritten as 𝑦 = (𝐶 +
∆𝐶)𝑋 where ∆𝐶 represents the uncertainties acting on the 

output due to the estimation error of the first stage. An ongoing 

work has led to the setting-up of convergence and stability 

conditions in terms of linear matrix inequalities. These results 

are currently experimentally tested and will be the subject of 

forthcoming publications. 

 

Figure 7. Min and max position of the membrane tip during nominal 

operation of the pump for linear and non-linear implementation of 

the stroke controller. Feedback control with a laser measurement is 

used instead of the observer 

6. CONCLUSION 

In this study we were able to formulate, implement and 

evaluate a stroke controller for our undulating membrane 

pump. The stroke is set and kept with enough accuracy for a 

reasonable range of operation of the pump. The addition of the 

non-linearities of the actuator allowed us to operate the pump 

beyond the validity of the linear approximation of the actuator. 

As discussed in Section 3.2.1 the stability of the interaction 

between the stages of the observer may be limited by error 

propagation. Convergence and stability conditions should be 

written down to improve the confidence of the sensorless 

approach. 

 

Figure 8. Flow and frequency sweep result of the pump. Green dots 

indicate that the controller is able to maintain stroke while red dots 

indicate failure. 
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