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Noninvasive Average Flow and Differential Pressure
Estimation for an Implantable Rotary Blood Pump
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Abstract—Accurate noninvasive average flow and differential
pressure estimation of implantable rotary blood pumps (IRBPs)
is an important practical element for their physiological control.
While most attempts at developing flow and differential pressure
estimate models have involved purely empirical techniques, dimen-
sional analysis utilizes theoretical principles of fluid mechanics that
provides valuable insights into parameter relationships. Based on
data obtained from a steady flow mock loop under a wide range of
pump operating points and fluid viscosities, flow and differential
pressure estimate models were thus obtained using dimensional
analysis. The algorithm was then validated using data from two
other VentrAssist IRBPs. Linear correlations between estimated
and measured pump flow over a flow range of 0.5 to 8.0 L/min re-
sulted in a slope of 0.98 (R2 = 0.9848). The average flow error was
0.20 ± 0.14 L/min (mean ± standard deviation) and the average
percentage error was 5.79%. Similarly, linear correlations between
estimated and measured pump differential pressure resulted in a
slope of 1.027 (R2 = 0.997) over a pressure range of 60 to 180
mmHg. The average differential pressure error was 1.84 ± 1.54
mmHg and the average percentage error was 1.51%.

Index Terms—Dimensional analysis, flow estimation, im-
plantable rotary blood pump (IRBP), left ventricular assist device
(LVAD).

I. INTRODUCTION

THE VentrAssist (Ventracor, Ltd., Sydney, Australia) is a
centrifugal implantable rotary blood pump (IRBP) with a

hydrodynamic bearing that is used as a left ventricular assist
device (LVAD) for long-term implant recipients [1]. Due to the
insensitivity of IRBPs to preload, overpumping or underpump-
ing conditions that endanger implant recipients might poten-
tially occur if pump control is not properly implemented. This
situation is further complicated by residual ventricular function,
dependent on the amount of residual contractility and venous
return [2], which causes pump head pressure to vary with each
heart beat.
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Various pump control algorithms have been designed by dif-
ferent research groups. The traditional control strategy, which
maintains a constant pump speed, demonstrates a limited de-
gree of adaptability to cardiac demand and clinical conditions
of the heart. Giridharan and Skliar [3] proposed that maintain-
ing a constant average pressure difference (75 mmHg) between
the left ventricle and the aorta provided sufficient physiological
perfusion to the body over a wide range of physical activi-
ties and clinical cardiac conditions. On the contrary, Smith et
al. [2] suggested that flow is a more physiologically relevant
parameter than pump differential pressure since pump differen-
tial pressure by itself has no inherent physiological significance.
Using a similar approach to Giridharan and Skliar [3], Wu et
al. [4] based their algorithms on the control of aortic pressure
rather than pump differential pressure. A state-space model of
the human circulatory system as well as measurements of pump
differential pressure was used to estimate the aortic pressure.
The performance of all the aforementioned control algorithms
(except speed control) requires accurate measurements of either
pump flow or pump differential pressure. However, implantation
of flow or pressure sensors in the body result in an attendant risk
of thrombus formation, and the reliability of the measurements
is affected by measurement drift, and thus, the need for in situ
calibration.

Therefore, one design goal of an IRBP is to be able to reli-
ably and accurately estimate pump flow as well as differential
pressure without the need for additional implantable sensors.
Extensive studies have reported that satisfactory algorithms for
sensorless flow and differential pressure estimation through em-
pirical process of pump variables (flow or differential pressure)
mapping had been developed [5]–[8]. However, the performance
and design characteristics of different pumps cause the proposed
algorithms to be substantially different from each other [9]. In
addition, to a large extent, the algorithms have failed to ad-
equately model changes in fluid viscosity, and hence, blood
hematocrit (HCT).

The present work involved an analysis of data obtained un-
der steady flow conditions for a wide range of pump operating
points and fluid viscosities, and employed a nondimensional
analytical approach. By reducing the test data on a pump into
nondimensional form, it is possible to extrapolate the perfor-
mance of the pump with revised physical pump characteristics,
different pump speeds, and different operating conditions [2].
Compared with purely empirical methods of flow or differen-
tial pressure mapping (where curve fitting is applied to the test
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variables), the Buckingham π theorem [10], [11], which groups
the test variables into fewer independent dimensionless groups,
provides a better physical insight into the effects of different
parameters on pump performance.

II. METHODS

A. Mock Loop Experiments

The mock circulatory loop, consisting of a small reservoir bag
(200 mL), the VentrAssist pump, a variable resistance clamp,
and two segments of silicone tubing (1.5 m total length, 3/8-
in inner diameter, 3/32-in thickness): one connecting the pump
outlet to the reservoir and the other connecting the reservoir
back to the pump inlet, provided a test environment for steady
flow conditions. The pump flow rate, pump differential pres-
sure, impeller speed and electrical input power were recorded
at each operating point during the experiment at a sampling rate
of 4 kHz. The fluid employed in the experiment was an aque-
ous glycerol solution at concentrations of 30%wt (2.323 mPas),
39%wt (3.394 mPas), and 45%wt (4.823 mPas). In each case,
a resistance clamp mounted on the loop was adjusted so as to
vary the circuit resistance. The circuit resistance was defined by
adjusting the resistance clamp to achieve a certain flow level,
e.g., 1, 3, 5, 7, 9 L/min at a fixed speed, i.e., 2300 r/min. At
each resistance level, pump speed was adjusted in increments of
100 r/min within a range of 1800–3000 r/min. Once the desired
speed had been set and the pump speed controller showed a
steady pumping condition, values of pump power, speed, dif-
ferential pressure, and flow rate averaged over a 20-s period
were recorded. Since the viscosity of aqueous glycerol is highly
sensitive to temperature, a thermistor transducer was attached to
the loop to measure and control the temperature of the solution.
The temperature was maintained at 25 ◦C. Three versions of
nominally the same VentrAssist pumps were used to obtain the
data, one set for each pump. The dataset from the first pump
was used in the derivation of the correlation, while the other
two datasets were used as validation. The raw data from pump 1
for an aqueous glycerol solution with a concentration of 39%wt
is shown in Figs. 1 and 2. It can be seen that once the speed
and power is known, the flow and differential pressure across
the pump can be immediately determined. Unfortunately, if the
fluid is changed, the curves are also changed; therefore, a more
general approach needs to be provided.

B. Theoretical Framework

The objective was to use the viscosity of the aqueous glyc-
erol solution (as a blood analogue at known HCT), pump input
power, and impeller speed as indicators of pump flow rate and
differential pressure. Ideally, the electromagnetic energy sup-
plied by the external power source is converted into the fluid
energy for the pump as well as the inertial energy used to ac-
celerate or decelerate the impeller. However, in a practical sit-
uation, various losses occur along the flow passage path in the
pump. The energy losses in a general pump include mechanical
losses caused by mechanical contact at the shaft sealing section,
disk friction losses consumed with friction torque in the gap

Fig. 1. Graph of differential pressure versus flow for various speeds at a
constant viscosity (39%wt aqueous glycerol).

Fig. 2. Graph of input power versus flow for various speeds at a constant
viscosity (39%wt aqueous glycerol).

between the impeller shroud disk and the pump housing wall,
fluid leakage losses caused by recirculation of the fluid, and
hydraulic losses in the impeller and in the diffuser (such as flow
separation) [12].

Due to the complexity in the analysis of the pump character-
istics caused by various operating losses and imperfections in-
volved in the design, the theoretical relationship between power,
flow, and differential pressure derived for an ideal centrifugal
pump is not applicable when studying their practical perfor-
mance. Thus, the current approach aims to use a systematic
nondimensional approach that is applicable to any pump design
to derive the relationship between pump power, speed, fluid
viscosity, flow, and differential pressure.

The performance of a turbomachine depends on a number
of variables, including pump differential pressure (∆p), input
power (P), and efficiency

∆p = f1(ω,Q, µ, ρ,D, l1 , . . . , lm , α1 , . . . , αn ) (1)

P = f2(ω,Q, µ, ρ,D, l1 , . . . , lm , α1 , . . . , αn ). (2)

As shown in (1) and (2), ∆p and P depend on the speed of
the impeller (ω), flow rate through the pump (Q), viscosity (µ),
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TABLE I
DEFINITION OF THE NONDIMENSIONAL GROUPS THAT ARE SPECIFICALLY

APPLICABLE TO PUMPS

and density (ρ) of the fluid, as well as the geometric parameters
of the pump, which include the characteristic dimension of the
pump represented by the impeller diameter (D), lengths (l), and
angles (α) required to fully describe the pump body and rotor.
The Buckingham π theorem can be used to reduce the number of
variables involved in determining the performance of the pump
to a smaller number of nondimensional groupings.

Using dimensional analysis as explained in Appendix A, to-
gether with justified assumptions, (1) and (2) can be rewritten
as the pump affinity laws

∆p

ρω2D2 = F3

(
Q

ωD3 ,
ρωD2

µ

)
(3)

and

P

ρω3D5 = F4

(
Q

ωD3 ,
ρωD2

µ

)
. (4)

The nondimensional groups are listed in Table I, which are
specifically applicable to the types of pumps discussed in this
paper. Table II lists the units and corresponding constants lead-
ing to truly nondimensional coefficients.

C. Data Analysis

1) Flow estimate model: In the first step of the dimensional
analysis, a graph of power coefficient versus flow coefficient
was plotted for various speeds at a constant viscosity (39%wt
aqueous glycerol) (see Fig. 3). Dynamic viscosity of 39%wt
aqueous glycerol solution at 25 ◦C, 3.4 mPas, is very close to
that of the average viscosity of whole human blood, 3.2 mPas,
with hematocrit level of 38% at 37 ◦C [13]. Instead of collapsing
onto a single curve, it was observed that the power coefficient
values spread was more than±25% from the mean for the speeds
plotted. This was due to the fact that the coil winding and other
friction losses did not follow the same pattern as the power re-
quired to move the fluid, and that the Reynolds number changed
as the speed was altered. Thus, power coefficients needed to be
corrected for varying speed (since viscosity did not vary in the
training dataset used).

TABLE II
UNITS AND CORRESPONDING CONSTANTS THAT RESULT IN TRULY

NONDIMENSIONAL COEFFICIENTS

Fig. 3. Graph of power coefficient (Π39% ) versus flow coefficient (Φ39% ) for
various speeds at a constant viscosity (39%wt aqueous glycerol). It is observed
that the power coefficient values are spread by more than ±25% from the mean.

As may be observed in Fig. 3, an empirically derived cubic
relationship between power coefficients and flow coefficients
was obtained at each speed, namely

Π39% = aΦ3
39% + bΦ2

39% + cΦ39% + d. (5)

Since the speed generally causes an offset in the graph, a,
b, and c are assumed to be constant, while d is a function of
speed (ω). A plot of d against ω indicated that d is inversely
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Fig. 4. Ratio of measured power coefficients to estimated power coefficients
(m) versus flow coefficient (Φ). As viscosity increases, higher power coefficients
are needed to produce the same flow coefficients.

proportional to ω2 , so that the following relationship was ob-
tained:

Π39% = −7148.9Φ3
39% + 104.4Φ2

39% + 0.057Φ39%

+ 0.0018 +
0.001642

(ω39%/ωd)2 . (6)

To study the effect of viscosity, two other sets of training data
(obtained using 30%wt and 45%wt aqueous glycerol solution)
were used. Equation (6) was used to estimate power coefficients
for each training data set. The ratio, m, of measured power
coefficients to estimated power coefficients predicted by (6)
was calculated from

m =
Measured power
Estimated power

=
Π

aΦ3 + bΦ2 + cΦ + d
. (7)

It is evident from Fig. 4 that the ratio did not collapse to the
value of 1.0 when viscosity of the solution changed. The data for
each viscosity showed a different and approximately constant
power coefficient ratio. As viscosity increased, higher power
coefficients were required to produce the same flow coefficient
due to the effect of viscosity on the Reynolds number.

The relationship between the power coefficient ratio, m, and
viscosity, µ, is shown in Fig. 5 and given by

m = 0.5067
µ

µ39%
+ 0.4918. (8)

In order to collapse the set of Π − Φ curves in Fig. 3 onto a
single curve for all viscosities and speeds, the power coefficient
was corrected to

Π′ =
Π
m

− d. (9)

Since the aim of this paper is the development of a method of
estimating the flow rate from power and speed measurements,
flow coefficients, Φ, were plotted against corrected power coef-
ficients, Π′, in Fig. 6, together with the line of best fit

Φ = −241.19Π′2 + 3.556Π′ − 0.0049. (10)

Fig. 5. Graph of power coefficient ratio (m) versus relative viscosity (µ/µ39% )
shows a linear relationship between them.

Fig. 6. Graph of flow coefficient (Φ) versus corrected power coefficient (Π′).
Estimates of flow can be obtained from the equations relating the two variables.

2) Differential pressure estimate model: As in Section II-
C1, a graph of differential pressure coefficient versus flow co-
efficient was plotted for various speeds at a constant viscosity
(39%wt aqueous glycerol) (see Fig. 7). It was observed that
there was only a small spread of differential pressure coefficient
values at the same value of flow coefficient. This indicates that
there is negligible effect of the Reynolds number on the pump
characteristic (Ψ − Φ) curve.

To study the effect of viscosity, two other sets of training data
(obtained using 30%wt and 45%wt aqueous glycerol solution)
were used. It is shown in Fig. 8 that the curves for various vis-
cosities collapse onto a curve with only a small spread. A cubic
relationship obtained between differential pressure coefficients
and flow coefficients

Ψ = −170959Φ3 + 1024Φ2 − 1.7444Φ + 0.1528 (11)

is also shown in Fig. 8.

III. RESULTS

Flow and differential pressure estimate equations were de-
veloped by applying the methodology described before to a
training data set. The performance of the estimation models
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Fig. 7. Graph of pressure coefficient (Ψ39% ) versus flow coefficient (Φ39% )
for various speeds at a constant viscosity (39%wt aqueous glycerol). It was
observed that there is only a small spread of differential pressure coefficient
values at the same value of flow coefficient.

Fig. 8. Graph of pressure coefficient (Ψ) versus flow coefficient (Φ) for various
viscosities (30%wt, 39%wt and 45%wt aqueous glycerol). It was shown that
viscosity has a negligible effect on the Ψ–Φ curves.

was then validated against the remaining pool of data obtained
using two other VentrAssist pumps, which cover the same vis-
cosity levels as the training data. Fig. 9 illustrates the esti-
mated flow corresponding to a range of measured flow rates
(0.5–8.0 L/min), while Fig. 10 illustrates the estimated differen-
tial pressures corresponding to a range of measured differential
pressures (60–180 mmHg). Correlation between measured and
estimated flow, as well as between measured and differential
pressure was highly significant (flow: R2 = 0.9848; differential
pressure: R2 = 0.997), and the slope of the linear regression
line was very close to unity (flow: slope = 0.98; differential
pressure: slope = 1.027). The residual error for flow estimation
was in the range ±0.8 L/min, while for differential pressure lay
within the range of ±8 mmHg. The average flow error was 0.20
± 0.14 L/min (mean ± standard deviation), and the average
differential pressure error was 1.84 ± 1.54 mmHg.

IV. DISCUSSION

Noninvasive estimation of average pump flow and differen-
tial pressure has been investigated by many research groups as a

Fig. 9. Graph of estimated flow versus real flow corresponding to a range
of measured flow rates (0.5–8 L/min). The performance of the flow estimate
equation derived using the training dataset was validated against the testing
dataset obtained using two other VentrAssist pumps having similar hydraulic
characteristics.

Fig. 10. Graph of estimated differential pressure versus real differential pres-
sure corresponding to a range of measured differential pressure (60–180 mmHg).
The performance of the differential pressure estimate equation derived using the
training dataset was validated against the testing dataset obtained using two other
VentrAssist pumps having similar hydraulic characteristics.

means for physiological control of IRBPs. Most research groups
have used surface fitting to map flow from the measurable quan-
tities, e.g., power and speed. Bertram [5] reported that the first
successful attempt at flow estimation was demonstrated by Wak-
isaka et al. [14] using pump power, speed, and HCT level. They
derived their algorithm from the data obtained in a mock loop
setup using whole goat blood, and successfully validated it in a
healthy goat with an average error of 0.5 L/min over a range of
2.3–8.1 L/min. As Malagutti et al. [9] indicated, the limitation
of their study was that the effects of viscosity were investigated
at only a single target speed (2800 r/min).

On the other hand, Tsukiya et al. [12] included an extra step
to estimate viscosity by occluding the pump outlet (Q = 0)
for <10 s, based on an inverse linear correlation between the
Reynolds number and the speed-normalized current at zero flow.
The algorithm achieved a maximum error of 0.5 L/min between
estimated and measured flow and 15 mmHg between estimated
and measured differential pressure when tested in sheep. The
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limitation of their study is the infeasibility of regular pump
outlet occlusion in patients.

Tsukiya et al. [15] developed a technique for estimating the
instantaneous flow rate in a pump implanted chronically in an
animal. The technique took into account reverse flow, inlet can-
nula obstruction, and suction. They reported a mean flow rate
error of 1 L/min. The main difference between their study and
the present investigation is that they used a centrifugal pump
rotor supported by a thrust bearing that contains the mechanical
contacting surface, while the present study utilizes pumps that
are hydraulically supported. Therefore, viscous friction losses
have a much more significant influence in the present study as
compared with their study, where the mechanical friction losses
and the electromagnetic losses were dominant.

Previously, in our laboratory, we developed a steady-flow-
estimation model based on a VentrAssist pump, taking into ac-
count the effect of blood HCT [9]. We reported a residual error
of 0.25 ± 0.2 L/min. The current approach yields a slightly
higher accuracy (with average flow estimation residuals of 0.21
± 0.15 L/min). Given the spread of the residuals, this difference
is not statistically significant. More significantly, in the present
paper, the model is validated against data obtained using two
VentrAssist pumps, which are slightly different from each other
due to inevitable variations in tolerances incurred in the manu-
facturing process. The advantage of the current approach is that
we can obtain a more fundamental understanding of how differ-
ent fluid mechanical parameters affect the pump performance,
and, if required, ascertain the performance of the pump under
modified operating conditions.

It is important to note that the performance of the pressure
estimate model derived in the present paper degrades when the
flow coefficient increases. This is due to the fact that at a higher
speed (or higher Reynolds number), the curves shift to the right,
indicating that the pump is able to deliver a higher flow rate at
the same differential pressure. In order to collapse the Ψ − Φ
curves into a single curve, Wong et al. [16] proposed that the
differential pressure be plotted against a modified flow coeffi-
cient. However, the method does not seem to improve the present
pressure estimate model, probably due to the fact that the error
in the pressure estimation is not only a function of Reynolds
number, but also a function of flow coefficient [17]. As stated
by Lorenz and Smith [17], the commonly used definition of the
Reynolds number, which uses the impeller speed as the rep-
resentative velocity, might not hold true at operating points far
from the pump’s optimal efficiency point. Since the spread of the
differential pressure at the same flow coefficient is considered
small in our flow range of interest (0.5–8 L/min), no further
effort has been taken to refine the equation by collapsing the
curves.

Several approaches [12], [18] have been proposed to esti-
mate HCT level in the clinical setting, since variation in HCT
level may cause differences in flow rates as high as 2 L/min at
the same power and speed. Unfortunately, research to date has
not been particularly successful. For example, Kitamura et al.
used physical models of the motor, the centrifugal pump, and
the Windkessel model of the systemic circulation to solve for
viscosity, pump flow, and pressure [18]. The estimated viscos-

ity converged to the true value in vitro, but failed in vivo. The
estimates vary between 8 and 13 cP depending on the driving
conditions, while the actual blood viscosity was about 2.8 cP.
The uncertainty in the estimation of viscosity in vivo was prob-
ably due to the oversimplification of the systemic circulation
model. In our present study, it is assumed that in the clinical set-
ting, the HCT level will be ascertained by prior measurement.
Future studies shall examine the noninvasive estimation of HCT
level in the patients’ circulation using the implanted pump as a
sensing device.

The present study uses aqueous glycerol solution instead of
blood. Since blood is a non-Newtonian fluid, it is expected
to complicate the estimate of flow using power. However, at
the high shear rates experienced in the VentrAssist IRBP, i.e.,
>1000 s−1 , the dynamic viscosity of blood can be considered
to be independent of shear rate [7].

It should be noted that the present study focuses on the esti-
mation of flow rate under steady flow conditions. In a pulsatile
environment such as the cardiovascular system, the inertia of
the fluid, the pump’s rotating element, and the time constants of
the speed controller need to be taken into account. The electrical
input power will not only be used to provide the torque to the
pump, but will also be used to accelerate or decelerate the im-
peller. Thus, a term that takes into account the moment inertia of
the impeller has to be added. Furthermore, the time taken by the
controller to sense and respond to load changes is important in
developing the dynamic pump model. Experimentation on these
aspects of instantaneous flow estimation is ongoing in our lab-
oratory. Results from the experiments showed that average flow
estimates are applicable to pulsatile flow environments, in the
time-averaged sense [19]. This is in good agreement with the ex-
cellent results which are obtained in water hammer calculations
when power supply is cut to very large pumps.

V. CONCLUSION

The work herein introduces a systematic approach based on
dimensional analysis to estimate average flow rate from average
pump input power, average speed, and viscosity. In comparison
with empirical model fitting, this approach proves to be more
accurate, while also providing valuable insights into relation-
ships between various fluid mechanics parameters that affect
the pump flow estimated.

APPENDIX A

The performance of a turbomachine depends on a number
of variables, including pump differential pressure (∆p), input
power (P), and efficiency. Since the present work aims to es-
timate flow and differential pressure across the pump from the
pump input power, fluid viscosity, and impeller speed, we need
at least two equations, one for the total pressure rise across the
pump, ∆p, and another for power required to drive the pump, P.
∆p and P depend on the speed of the impeller (ω), flow across
the pump (Q), viscosity of the fluid (µ), as well as the geometric
parameters of the pump, which include pump impeller diameter
(D), lengths (l), and angles (α) required to fully describe the
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pump body and rotor.

∆p = f1(ω,Q, µ, ρ,D, l1 , . . . , lm , α1 , . . . , αn ) (12)

P = f2(ω,Q, µ, ρ,D, l1 , . . . , lm , α1 , . . . , αn ). (13)

Buckingham’s π theorem was used to reduce the number of
variables in (12) and (13) into a smaller number of nondimen-
sional groupings [10], [11]. The theorem states that: Given a
relation among j parameters of the form

q1 = f1(q2 , q3 , . . . , qj )

the j parameters may be grouped into j-r independent dimen-
sionless parameters in the form of

Π1 = F1(Π2 ,Π3 , . . . ,Πj−r )

where r is usually equal to the minimum number of independent
dimensions, called repeating variables, required to specify the
dimensions of all the parameters.

In the first step of the derivation, ρ (dimension =
ML−3), ω (dimension = T−1), and D (dimension = L) were
selected as a set of repeating variables since it includes all
the primary dimensions, i.e., MLT. Equations (12) and (13)
were then transformed into nondimensional forms, i.e., (14)
and (15), by dividing each dimensional term in the equations
by a combination of the repeating variables taken to appropriate
powers

∆p

ρω2D2 = F1

(
Q

ωD3 ,
ρωD2

µ
,
l1
D

, . . . ,
lm
D

, α1 , . . . , αn

)

(14)

P

ρω3D5 = F2

(
Q

ωD3 ,
ρωD2

µ
,
l1
D

, . . . ,
lm
D

, α1 , . . . , αn

)
.

(15)
Since attention is limited to a single model of a rotary cen-

trifugal blood pump, the geometrical parameters are in principle
the same for all copies of the pump, so (14) and (15) reduce to

∆p

ρω2D2 = F3

(
Q

ωD3 ,
ρωD2

µ

)
(16)

P

ρω3D5 = F4

(
Q

ωD3 ,
ρωD2

µ

)
. (17)

Thus, complete similarity in pump performance tests would
require identical flow coefficients and Reynolds numbers. Since
the flow through the clearances is controlled by different phys-
ical phenomena to those involved in pumping, it has been sug-
gested that a number of Reynolds numbers may be needed to
fully describe the flow in a pump.

In practice, the viscous effects (Reynolds numbers) are unim-
portant for fully turbulent flow. The conventional laminar-to-
turbulent flow transition value for the pump Reynolds number
is approximately 2 000 000 (scaled from 500 000 to account for
difference in Reynolds number definition) [20]. However, since
blood pumps usually operate in or near the laminar flow region
[2], with a relatively low Reynolds number (65 000–220 000
for our test data), viscosity effects have to be taken into account.

Furthermore, since the measured input power is the power sup-
plied by the controller to the motor coils, electromechanical
power consumption, which largely depends on the motor speed,
needs to be considered.
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