The Estimation of Centrifugal Pump Flow Rate Based on the Power?Speed
Curve Interpolation Method

Authors:

Yuezhong Wu, Denghao Wu, Minghao Fei, Gang Xiao, Yunging Gu, Jiegang Mou
Date Submitted: 2023-02-20

Keywords: centrifugal pump, PN curves interpolation, flow estimation, sensorless
Abstract:

During the global energy crisis, it is essential to improve the energy efficiency of pumps by adjusting the pump’s control strategy
according to the operational states. However, monitoring the pump’s operational states with the help of external sensors brings both
additional costs and risks of failure. This study proposed an interpolation method based on PN curves (power?speed curves)
containing information regarding motor shaft power, speed, and flow rate to achieve high accuracy in predicting the pump’s flow rates
without flow sensors. The impact factors on the accuracy of the estimation method were analyzed. Measurements were performed to
validate the feasibility and robustness of the PN curve interpolation method and compared with the QP and back-propagation neural
network (BPNN) methods. The results indicated that the PN curve interpolation method has lower errors than the other two prediction
models. Moreover, the average absolute errors of the PN curve interpolation method in the project applications at 47.5 Hz, 42.5 Hz,
37.5 Hz, and 32.5 Hz are 0.1442 m3/h, 0.2047 m3/h, 0.2197 m3/h, and 0.1979 m3/h. Additionally, the average relative errors are
2.0816%, 3.2875%, 3.6981%, and 2.9419%. Hence, this method fully meets the needs of centrifugal pump monitoring and control.

Record Type: Published Article

Submitted To: LAPSE (Living Archive for Process Systems Engineering)

Citation (overall record, always the latest version): LAPSE:2023.0648
Citation (this specific file, latest version): LAPSE:2023.0648-1
Citation (this specific file, this version): LAPSE:2023.0648-1v1

DOI of Published Version: https://doi.org/10.3390/pr10112163

License: Creative Commons Attribution 4.0 International (CC BY 4.0)



2 M processes

Article

The Estimation of Centrifugal Pump Flow Rate Based on the
Power-Speed Curve Interpolation Method

Yuezhong Wu 1, Denghao Wu *{J, Minghao Fei 1, Gang Xiao 2, Yunqing Gu ! and Jiegang Mou !

check for
updates

Citation: Wu, Y.; Wu, D.; Fei, M;
Xiao, G.; Gu, Y.; Mou, J. The
Estimation of Centrifugal Pump Flow
Rate Based on the Power-Speed
Curve Interpolation Method.
Processes 2022, 10, 2163. https://
doi.org/10.3390/pr10112163

Academic Editors: Rey-Chue Hwang

and Huixin Tian

Received: 12 September 2022
Accepted: 20 October 2022
Published: 22 October 2022

Publisher’s Note: MDPI stays neutral
with regard to jurisdictional claims in
published maps and institutional affil-

iations.

Copyright: © 2022 by the authors.
Licensee MDPI, Basel, Switzerland.
This article is an open access article
distributed under the terms and
conditions of the Creative Commons
Attribution (CC BY) license (https://
creativecommons.org/licenses /by /
4.0/).

1
2

College of Metrology and Measurement Engineering, China Jiliang University, Hangzhou 310018, China
College of Computer Science and Technology, Zhejiang University of Technology, Hangzhou 310014, China
*  Correspondence: wdh@cjlu.edu.cn; Tel.: +86-13588395807

Abstract: During the global energy crisis, it is essential to improve the energy efficiency of pumps by
adjusting the pump’s control strategy according to the operational states. However, monitoring the
pump’s operational states with the help of external sensors brings both additional costs and risks
of failure. This study proposed an interpolation method based on PN curves (power—speed curves)
containing information regarding motor shaft power, speed, and flow rate to achieve high accuracy
in predicting the pump’s flow rates without flow sensors. The impact factors on the accuracy of the
estimation method were analyzed. Measurements were performed to validate the feasibility and
robustness of the PN curve interpolation method and compared with the QP and back-propagation
neural network (BPNN) methods. The results indicated that the PN curve interpolation method has
lower errors than the other two prediction models. Moreover, the average absolute errors of the PN
curve interpolation method in the project applications at 47.5 Hz, 42.5 Hz, 37.5 Hz, and 32.5 Hz are
0.1442 m3/h, 0.2047 m3 /h, 0.2197 m3/h, and 0.1979 m3 /h. Additionally, the average relative errors
are 2.0816%, 3.2875%, 3.6981%, and 2.9419%. Hence, this method fully meets the needs of centrifugal
pump monitoring and control.

Keywords: centrifugal pump; PN curves interpolation; flow estimation; sensorless

1. Introduction

According to the International Energy Agency, electric motor systems consume approx-
imately 53% of all electricity worldwide, representing 5.5 Gton of CO; emissions, which
accounts for 70% of the total electricity consumption of industry [1,2]. As per the European
Commission report [3], pumping systems occupy nearly 22% of the energy consumed by
electric motors worldwide and consume approximately 8.7% of global electricity [4]. Hence,
a feasible way to alleviate the energy crisis and reduce carbon emissions is to improve
the energy efficiency of pumps [5]. According to statistics, even a 1% increase in pump
efficiency could reduce CO, emissions by at least 572 tons per day in the European re-
gion [6]. For this reason, centrifugal pumps, as a vital part of pump systems, consume 72%
of the pump system’s energy and have great potential for energy and carbon savings [7].
Meanwhile, this also helps to extend the life of equipment by improving the pumps’ energy
efficiency [8,9]. A practical method to reduce the energy consumption of centrifugal pumps
is to optimize the control strategy using frequency converters [10], and the optimization pro-
cess typically requires real-time monitoring of the centrifugal pump’s operational state [11].
However, monitoring by external sensors not only requires more installation space but
also brings more risk of centrifugal pump failure [12]. The estimation of motor operating
parameters by modern frequency converters makes it possible to monitor a centrifugal
pump’s operational status without sensors [13].

The current methods for monitoring the flow rate of centrifugal pumps driven by
frequency converters mainly include QP methods [13-15], QP extension methods [16-18],
and data-driven artificial neural network-based estimation methods [19-21].
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The intelligent pump control (IPC) program developed by ABB can calculate the flow
rate based on the performance curves of the QH and QP programmed into the frequency
converter parameters data. Hammo et al. [14] compared the flow rate calculated by the
program with the measured flow rate and concluded that the error mostly comes from
both the accuracy of the QP and QH curves and the position of the operating point on the
system curve. Ahonen et al. [15] developed the QP model, which can predict the flow rate
and head of a centrifugal pump based on the measured QP and QH curves. However, the
shape of the QP curve (flat or humped) can severely impact estimation accuracy. Hence, a
method based on centrifugal pump process characteristics was proposed [16]. Since the
centrifugal pump operates on the intersection of the process characteristic curve and the
QH curve, the flow rate and head can be predicted by the affinity law along with these
two curves.

While the QP and process characteristics methods have been validated in the labo-
ratory and extended to engineering applications, there is still significant opportunity to
improve the estimation accuracy of the flow rate. Therefore, Tamminen et al. [17] proposed
a hybrid QH/QP estimation method. The hybrid QH/QP model showed approximately
5% flow rate error compared to the standard QP model, which showed approximately
10% standard deviation. By identifying the parameters of the process characteristic curve
using the QP method, Ahonen et al. [18] established an improved model for predicting the
operating status of centrifugal pumps by the process characteristic method.

With the development of data-driven technologies [19], the neural network has become
a new solution for estimating centrifugal pump performance due to its good nonlinear
fitting ability and capability to solve multi-input problems [20]. A dual neural network pre-
diction method based on motor speed and power was proposed for predicting centrifugal
pump flow and head [21]. Han et al. [22] developed a dual hidden layer BP neural network
to predict the head and efficiency of centrifugal pumps using the Levenberg—Marquardt
(LM) training algorithm. Based on measurements of air temperature and solar radiation
collected every hour, the model can precisely estimate the hourly flow rate of photovoltaic
water pumps [23]. Moreover, an improved neural network prediction model based on
Bayesian regularized back propagation (BRBP) was proposed, and it is more accurate than
the QP estimation model [24].

Most existing studies are concerned with estimating the operating conditions of
centrifugal pumps. However, there misses a highly accurate model for predicting the
small flow rates of centrifugal pumps [25]. This paper proposed an interpolation method
based on PN curves to solve the above problem. Meanwhile, the factors affecting the
accuracy of the estimation method were analyzed. Moreover, we compared the PN curve
interpolation method with the QP and BPNN methods, and its feasibility was verified in
practical engineering applications.

2. Experimental Setup

We measured the test data in a pump closed-loop test facility. It consists of an inlet tank
(Yongli, Beichen, Tianjin, China, 2019), an outlet tank (Yongli, Beichen, Tianjin, China, 2019),
electric valves (Dunbang, Songjiang, Shanghai, China, 2019), electromagnetic flow meters
(Endress + Hauser, Minhang, Shanghai, China, 2019), pressure sensors (Endress + Hauser,
Minhang, Shanghai, China, 2019), an electrical control cabinet (Ganlang, Wenzhou, Zhe-
jiang, China, 2019), and a computer (Hasee, Shenzhen, Guangzhou, China, 2021) (see
Figure 1). Figure 2 presents the configuration of the test equipment, and Table 1 shows the
technical parameters of the measurement instruments.
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Figure 1. A closed-loop pump test system.
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Figure 2. Experimental facilities: (a) closed-loop test bed, (b) vertical centrifugal pump, and

(c) control system.

Table 1. Test sensor information.

Sensor Type Measurement Range Precision Manufacturers
Electromagnetic 3 o Endress + Hauser,
flowmeter 0-150 m*/h 02% Switzerland
Power meter Current, voltage, power 0.5% Qingzhi instrument, China
Tachometer 0-20,000 rpm +1rpm Onosokki, Japan

The test object is a multistage centrifugal pump (Nanyuan, Hangzhou, Zhejiang,
China, 2019) with a 5.5 kW induction motor (Nanyuan, Hangzhou, Zhejiang, China, 2019).
The nominal operating point is Quem = 15 m3/h, Hym = 70.5 m, and 7,05, = 2900 rpm. The
frequency converter (Siemens, Berlin, Brandenburg, Germany, 2020) adjusts the speed
of the pump, and a motorized valve controls the flow rates of the pump. The controller
is a Siemens S7-200smart ST30 (Siemens, Berlin, Brandenburg, Germany, 2020), and the
analog signals are collected through the expansion module Siemens EM AMO06 (Siemens,
Berlin, Brandenburg, Germany, 2020). The frequency converter communicates with the
PLC through the Modbus protocol. The software was written in LabVIEW (Version 18.0,
National Instruments, Austin, Texas, United States, 2021), and the PLC communicates with

the computer through Ethernet.
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To reduce measurement errors, we repeated the test five times and recorded the
measured data. Furthermore, we used the average of five experiments as the final data to
enhance the reliability of the data.

3. Estimation Methods
3.1. QP Method

The QP and QH curves, typically determined at the nominal speed of the pump, are
transformed into the current rotational speed by the affinity law shown in Equations (1)—(3).

Q N
f— 7 1
Q]’lom N’rlom ( )
il —( N )2 @
Hnom Nnom !
P —( N )3 3)
Pnom Nnom !

where N is the actual speed, rpm; 71,01, is the rated speed, rpm; Q is the actual flow rate,
m3/h; Quom is the rated flow rate, m®/h; H is the actual head, m; H,,o,; is the rated head, m;
P is the actual power, kW; P,y is the rated power, kW.

As shown in Figure 3, in the current QP and QH curves transformed by the affinity
law, the flow rate Q. can be calculated using the motor shaft power Py, and then the head
H,st can be computed by the above flow rate Q. In the QP method, the transformation of
the QP curve based on the motor speed and the calculation of the flow rate using the shaft
power are two of the critical steps. Hence, the speed and shaft power of the centrifugal
pump are vital variables in the flow rate prediction process.

(@) (b)

Pact=f(Qact)

Qest
L L L

Q (m¥h) Q (m¥h)

Figure 3. QP characteristic curve method: (a) QP curves and (b) QH curves.

3.2. PN Curves Interpolation Method

As seen in Figure 4a, it is evident that changing the valve opening has a more signifi-
cant effect on the shaft power of systems with high input frequencies than those with low
input frequencies. As the input frequency is 25 Hz, the variation of shaft power is already
very tiny. Figure 4b indicates the flow rate variation with valve opening. Changing the
valve opening has a more significant effect on the flow rate for systems with a high input
frequency than those with a low input frequency. Meanwhile, when the valve opening is
small, changing the valve opening has a more significant impact on the flow rate of the
centrifugal pump compared to a large valve opening. When the input frequency is 50 Hz,
the speed varies by 40 rpm. However, when the input frequency is 25 Hz, the motor speed
varies by merely 3 rpm, which demonstrates that the motor speed affected by the valve
opening is consistent with the motor shaft power and the pump flow rate (see Figure 5).
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Figure 5. Speed varies with valve opening.

We know the QP characteristic curve only reflects the shaft power and flow rate change
and indirectly reflects the motor speed change. The affinity law usually assumes that the
pump’s efficiency remains constant when transforming the QP curve, which is not affected
by changes in motor speed [15]. However, it cannot ignore the effect on pump efficiency
and shaft power when the motor speed changes on a large scale. This is a critical factor
that affects the prediction accuracy of the QP method.

Therefore, this paper proposed a curve based on motor speed and shaft power, which
can visually reflect the variation of motor speed, power, and flow rate. After setting the
input frequency, we obtained the speed and power data of different flow rates by changing
the valve opening, and then those data were fitted to a PN curve for the same flow rate at
different input frequencies. Figure 6a shows that at a specific flow rate, the power increases
as the pump speed increases; at a specific speed, the flow rate increases with the power; at
a specific power, the flow rate decreases with speed.
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Figure 6. PN curves and PN curves interpolation methods: (a) PN curves for different flow rates and
(b) PN curve-based flow estimation method.

As shown in Figure 6b, the Qg and Q,, PN curves divided the graph into three parts.
Qo is the PN curve with the lowest flow rate, generally taken as 0 m>/h. Therefore, when
the centrifugal pump works below the Qg curve, namely the S; region, the estimation flow
rate is 0 m3/h.

The S, region contains a lot of PN curves, the flow rate from Qp, Q1, ... Qj, Qjs1, - --
Qk_1, Qx covers a wide range of centrifugal pumps with small flow rates, rated conditions,
and high flow rates. If t lies between the Q; and Qj;;1 flow curves in the S; region, the flow
rate at point t (Ny, P¢) can be obtained by the internal interpolation method, which is shown
in Equation (4).

Py — fi(N)
fi+1(Np) — fi(

where f; is the power-speed function at the flow rate Q;, and f;,; is the power-speed
function at the flow rate Q1.

The S;3 region represents the centrifugal pump working above the Q,, curve. Typically,
pumps operate in the S; and S; regions. When the valve opening of the system is so large
that the pump is in extreme operating condition, the flow rates are in the S3 region. This
paper provides an external interpolation method to calculate the flow rates in the Sz region,
as shown in Equation (5).

Qest = Q; + N (Qjr1—Qj), 4

Pr — fr(Ny)
fe(Nt) = fr—1(Nt)

where f;_ is the power—speed function at the flow rate Q_1, and f; is the power—speed
function at the flow rate Q.

Qest = Qr + (Qr — Qk-1), 5)

3.3. Estimation Model Based on PN Curves

Figure 7 presents the power variations AP of each 2 m3/h flow rate at 50 Hz in the QP
curve. As the flow rate increases, dP/dQ gradually decreases, causing AP to be smaller.
The QP curves for the other input frequencies have similar power variations to 50 Hz. This
means that to make the power difference between PN curves approximately equivalent, the
flow rate difference between adjacent PN curves should be increased appropriately while
in the high flow rate region.
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Figure 7. Power variation of QP curve.

The input frequencies of 50 Hz, 45 Hz, 40 Hz, 35 Hz, and 30 Hz are fitted to the curves
with flow rates of Qg =0 m3/h, Q; =3 m3/h, Q, =6 m3/h, Q3 =9 m3/h, Qs = 15 m3/h,
and Qs = 21 m3/h. The fitted equations are shown in Equations (6)—(11).

Qo: P = 0.57482 — 0.000915212 - N + 0.000000453394 - N2, (6)
Q1: P = 0.60412 — 0.00105 - N + 0.000000704725 - N2, @)
Q,: P = 0.53861 — 0.000886451 - N -+ 0.000000513669 - N2, )
Qs: P = 0.63796 — 0.001 - N + 0.000000615403 - N2, )
Qu: P = 0.88357 — 0.00105 - N -+ 0.000000952153 - N2, (10)
Qs: P = 1.82773 — 0.00256 - N + 0.00000125039 - N2. (11)

Figure 8 presents the fitted PN curves at different flow rates, and the relevant results of
each curve are shown in Table 2. The coefficient of determination R? of all six fitted curves
is close to 1, and the residual sum of squares (RSS) is close to 0, which indicates that the six
curves have high accuracy and the results are reliable.

5F |F0—=Q—0—Q—2—Q, .
_O_Q3_® _Q4_%_Q5

1500 1750 2000 2250 2500 2750  300C
N (rpm)

Figure 8. PN curves.
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Table 2. Curve fitting results.
Items Qo Q1 Q> Qs Q4 Qs
R? 0.9999 0.9999 0.99999 0.99996 1 0.99994
RSS 1.465 x 10~* 1.051 x 10~* 4.146 x 105 1.716 x 10~* 2.455 x 1075 3.312 x 1074

Figure 9 presents the flow chart of the prediction model. For instance, the first step is
to obtain a large amount of experimental data of shaft power P, speed N, and flow rate Q
by adjusting the input frequency and changing the valve opening, then organizing the data
into PN curves with appropriate flow rates. The second step is to collect the shaft power P
and speed N of the centrifugal pump and calculate the power Py, Py, Py, P3, P4, and Ps of
curves Qp, Q1, Q2, Q3, Q4, and Qs at different speeds. The flow rate of the centrifugal pump
is obtained from the collected power and the calculated power. For instance, the predicted
flow rate Qs = 0 m3/h when P < Py; when P; <P <Py, the flow rate can be calculated by
the internal interpolation method; when P > Ps, the flow rate can be calculated by external
interpolation method.

Centrifugal
pump system

Iyt

1. Plot PN curves |

Input frequency Centrifugal
Valve opening pump system

Casel:P<Po 1 1 1 1 1 1 1
Qest = 0m3/h
Case2:Po<Pj<P<Pj+1<Ps

P- fj(Nt) Sorting

+m.(QM_Qi)<: P. Po. Pi. Pa.

P3. P4, Ps

Qest = Qj

Case3:P>Ps
P- fs(N)

O =2 N LNy

Figure 9. Flow chart of flow rate estimation algorithm.
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4. Influence Factors on the Estimation Accuracy
4.1. PN Curves

The PN curves fitted by limited working points somehow deviated from the actual PN
curves, which would lead to erroneous estimates of the pumps’ flow rate. At the same time,
the difference in flow rates of adjacent PN curves will also affect the prediction results. In
addition, the location of the centrifugal pump operating point affects the prediction results.
In Figure 10, we assumed that the shaft power of the motor produces AP fluctuations. The
error in its flow prediction is more than 6 m3/h in area A of the PN curve because the curve
in this area is relatively dense, which means that the power variation of the adjacent PN
curve is slight. When the pump operates in area B, the error in its flow prediction is between
3 and 6 m3/h. When the pump works in area C, the error in its flow prediction is smaller
than 3 m®/h, where the curve is sparse, and the power of the adjacent PN curve varies
widely. It indicates that centrifugal pumps operating in the low-speed region are more
sensitive to power variations. Therefore, the location of the centrifugal pump’s operating
point significantly influences the prediction results.

I T I T I T I T I T I T
1750 2000 2250 2500 2750 3000
N (rpm)

Figure 10. Variation of estimation for different working points.

4.2. Impact of Shaft Power

In addition to the PN curve, the fluctuation of the motor shaft power can change the
estimation flow rate. Hence, it also impacts the prediction results. We recorded the motor
shaft power fluctuations 50 times at 50 Hz, 45 Hz, 40 Hz, 35 Hz, and 30 Hz and adjusted
the valve to set the flow rate at 0 m3/h, 9 m3/h, and 18 m3/h, respectively. As shown in
Figure 11, the fluctuation of motor shaft power is more significant at high input frequencies
than at low input frequencies. However, the prediction results are less affected by power
fluctuations when the input frequency is high since the PN curves of the centrifugal pump
are sparse in this region (see Figure 8). Meanwhile, motor shaft power fluctuates slightly
at the lower speed operating area where the PN curve is dense. Therefore, the impact of
power fluctuations is also insignificant at low input frequencies.
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Figure 11. Fluctuation of the shaft power.

Fluctuations in motor speed also impact the prediction. However, this impact is pretty
small and much lower than the impact of shaft power fluctuations. Therefore, it is not
discussed in this paper.

5. Results and Discussion

We measured the flow rates at input frequencies of 46 Hz, 41 Hz, 36 Hz, and 31 Hz
and compared them with the predictive flow rates to verify the accuracy of the PN curves
interpolation method. Meanwhile, we also provided the predictive flow rates using the
QP method [14] and the BPNN method [23]. The PN curves interpolation method is more
accurate than other methods regardless of the input frequency of 46 Hz, 41 Hz, 36 Hz, or
31 Hz (see Figure 12).

The horizontal and vertical axes of Figure 13 show the measured and predicted flow
rates, respectively. The closer the points in the graph are to the line y = x, the closer the
predicted flow is to the measured flow. Whether the flow rate is small or large, the point
from the PN curves interpolation method is always the closest distance to the line y = X,
which indicates that the PN curve interpolation method can better predict the flow rate
(see Figure 13).
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Figure 13. Comparison of the results of the three estimation methods.

Figure 14 presents the absolute and relative errors of the three methods, and the
specific data are shown in Table 3. The mean absolute error of the interpolation method is
0.1756 m3/h, which is much lower than the other two prediction methods. Meanwhile, the
mean relative error of the interpolation method is 2.6919%, while the mean relative error
of BPNN and QP prediction methods is 16.6261% and 23.3509%, both of which are much
higher than the relative error of the interpolation method. This indicates that the PN curve
interpolation prediction method is more accurate and stable.
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Figure 14. Errors of the three estimation methods: (a) absolute errors and (b) relative errors.

Table 3. Error data of the three estimation methods.

Errors
It
ems Maximum Average Minimum
. . 5 (m3/h) 0.5409 0.1756 0.0021
PN curves interpolation e (%) 16.9814 2.6919 0.0181
5 (m3/h) 2.7565 1.3851 0.0717
BPNN € (%) 61.9739 16.6261 2.0429
QP 5 (m3/h) 3.4191 1.8315 0.0496
€ (%) 137.6936 23.35089 1.3291

The QP curve method has nice applications for flow prediction, but the affinity law,
which is an important basis of the QP curve method, is not applicable when the speed
difference is large [16]. The BPNN flow prediction model is proposed without considering
the applicability of the affinity law. Therefore, the BPNN model has higher accuracy than
the QP model, as we can see from Figure 12, since even a slight deviation in power can cause
significant errors in the flow rate prediction of BPNN. We propose an interpolation method
based on the PN curves. The influence of power deviation is reduced by interpolation
of the two PN curves in the calculation of the flow rate, as shown in Figure 6. Therefore,
the interpolation method based on the PN curves has the highest consistency with the
measurement results than the other two methods.

6. Application of the PN Curves Interpolation Method

A validation test was run in a closed centrifugal pump system to verify the applicability
of the PN curves interpolation method. We controlled the pump’s flow rate through the
valve and frequency converter, and the controller transmitted the speed and power of the
motor to the host software via Ethernet. Then, the flow rate was calculated by the PN curve
interpolation method programmed into the software. Figure 15 presents the PN curve
interpolation method, accurately predicting the flow rates under different input frequencies
and valve openings. To determine whether the centrifugal pump works at low or high flow



Processes 2022, 10, 2163 13 of 16

conditions, the points derived from the prediction model are distributed on the line y = x,
which indicates that the flow rate of the centrifugal pump can be well predicted based on
the PN curves interpolation method (see Figures 16 and 17).
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Figure 15. Results of flow estimation.
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Figure 16. Comparison of predicted and actual flow rates.
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Figure 17. Errors of the estimated flow rate: (a) absolute errors and (b) relative errors.

7. Conclusions

This paper proposed a flow rate prediction model based on the PN curve interpolation

method. The factors affecting the accuracy of the estimation method were analyzed. Three
different estimation models were compared, and the feasibility of this method was verified
through experiments. The following conclusions were drawn:

@

@)

C)

The PN curves containing speed, power, and flow information were presented, and
an interpolated flow prediction model based on these curves was established. The
factors affecting the accuracy of the estimation method were analyzed, which mainly
include the flow rate and accuracy of the PN curve, the location of the centrifugal
pump operational point, and the fluctuation of the shaft power. Particularly in this
aspect of the location of the centrifugal pump operational point, centrifugal pumps
operating at a low speeds were more sensitive to power variations. Furthermore, the
fluctuation of the motor shaft power can cause variations in the estimation flow rate.
Three different estimation models were compared. The average absolute and relative
errors of the interpolated flow prediction method are 0.1756 m3/h and 2.6919%,
compared to 1.3851 m3/h and 6.6261% for BPNN and 1.8315 m3/h and 23.35089% for
the QP method. This means that the PN curve interpolation method has high accuracy
in estimating the flow rates.

The PN curve interpolation method was tested in an industrial application, and its
average absolute errors at 47.5 Hz, 42.5 Hz, 37.5 Hz, and 32.5 Hz are 0.1442 m3/h,
0.2047 m3/h, 0.2197 m3/h, and 0.1979 m?®/h, and its average relative errors are
2.0816%, 3.2875%, 3.6981%, and 2.9419%. This highly accurate prediction capability
fully meets the monitoring and control requirements and improves the accuracy of
centrifugal pump flow prediction at small flow rates.
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