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Abstract
Transporting slurry is a difficult task and industries use a kinetic or centrifugal pump or a screw or progressive cavity
pump to deliver it. On the other hand, approximation models can help predicting performance and avoiding the
expensive experiments of pumps with slurries. In this work, bentonite-based slurries were prepared and pumped by
a centrifugal pump and a progressive cavity pump. The experimental facilities were developed in-house and artificial
neural network-based approximation models were developed to predict performances. The approximation models say
that it can eliminate the expensive testing to draw performance curve a pump. The relative merits of the pumps show
that the progressive cavity pump has a better capability to handle the slurries or high viscosity fluids.
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Introduction
A mixture of a carrier ﬂuid and solid particles called
slurry forms a ﬂuid-solid suspension. Petroleum,
mining, and chemical industries transport it frequently by a kinetic (or centrifugal pump or CFP)
or a screw pump (or progressive cavity pump or
PCP). The slurry can be broadly classiﬁed into nonsettling and settling slurry. The non-settling or homogenous slurry contains ﬁne solid particles suspended
in the carrier ﬂuid and can form a homogenous mixture, and exhibits a non-Newtonian behavior. The
presence of ﬁne solid particles in the carrier ﬂuid
increases the apparent viscosity.1,2
A CFP consists of an impeller and a volute casing
and gives momentum to the ﬂuid by the rotation of
blades.3,4 The performance of a CFP delivering slurry
which depends on the concentration and speciﬁc gravity of solid powder, particle size and distribution and
the rheological property of the slurry and the performance of a CFP delivering slurry drops when compared to water.5–12 A PCP is a single threaded rotary
positive displacement pump having a rotating part
(rotor) and a stationery part (stator).13 Limited
researches were done in the experimental and numerical analysis because of the complex geometry and
operating principle. The performance characteristics
and behavior of the PCP delivering single- and
multi-phase ﬂuids with diﬀerent gas volume fraction
were studied.14–17 Increasing apparent viscosity of the

slurry increases eﬃciency and head of the PCP
increases due to the leakage eﬀect.18
In the last few decades, an artiﬁcial neural network
(ANN) has become a key surrogate to approximate
data obtained through numerical or experimental
modeling.19 Although the regression models can be
used for predicting the performance characteristics
of CFP and PCP, but these are having weakness
also.20,21 The ANN model is used to predict the performance of CFP with semi-open impeller blades
using ﬂow rate and splitter blade lengths, head reduction of centrifugal slurry pump, eﬀect of aging on the
pump performance, performance of helicon-axial
multiphase pump, ﬂow rate of photovoltaic water
pumping system and performance of heat pumps for
hot water heater.22–27 The ANN models have been
used in other engineering areas for optimizations
and designs.28–30
The performance prediction slurry pumps play an
important role in design and optimization and the
cost eﬀective operation. The derating performance
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from the experimental data to predict the performance prediction of the CFP and PCP for diﬀerent
slurry viscosities and rotational speeds. The training
and validation of the ANN models were done from
the experiment results. The article represents the
details approach of slurry preparation, experimental
setup, and approach, ANN modeling, and results and
discussion.

prediction for Newtonian ﬂuids can be calculated by
Hydraulic Institute method for CFPs.31 For a nonNewtonian ﬂuid, the pump performance prediction
with varying viscosity is a diﬃcult task, and the performance can be calculated by Bingham plastic and
apparent viscosity models.32–35 In the case of PCP, the
leakage aﬀects the performance and depends on the
ﬂuid viscosity.36
Hence, the above discussion shows that the apparent viscosity of the slurry aﬀects the performance of
CFP and PCP, and a numerical or analytical model
predicts the performance of the pumps. However, to
predict the performance of PCP, experiments are
required as the computational ﬂuid dynamics
(CFD)-modeling is diﬃcult. For CFP, a CFD-modeling takes time and an expertise is also required.
Approximate models can predict the performance of
the pumps delivering diﬀerent viscosity slurries to
alleviate the computational and experimental
diﬃculties. There is no article available to compare
both the pump for a same ﬂuid application or slurry
application to compare and develop approximate
models.
In the present investigation, the authors have done
experiments to ﬁnd performance and behavior of CFP
and PCP delivering bentonite-based slurry. The eﬀect
of parameters such as apparent viscosity and concentration of slurry in the performance of both pumps
has been studied. An ANN models were developed

Experimental setup
The CFP and PCP were tested in test rigs located at
the Department of Ocean Engineering, Indian
Institute of Technology Madras. The detailed setup
and experimental procedure are given below.

CFP test rig
The CFP test rig connected to a tank of volume
0.16 m3 capacity via a 36 mm diameter pipe
(Figure 1). The impeller and the casing of CFP are
shown in Figure 2(a) and (b) and the speciﬁcation in
Table 1. The suction of the pump was fully ﬂooded.
The ﬂow through the pipe was controlled by a gate
valve. The pressure at suction and delivery were measured using pressure Bourdon-tube pressure gauges
(range: 0 to 1 kg/cm2) that have the accuracy of
1%. A tachometer measured the pump speed with
an accuracy 1 r/min. A pre-calibrated ultrasonic

Table 1. Dimensions of centrifugal pump impeller.
VFD and power analyzeer
Flowmeter sensors
Gate
valve

Tank

Pressure ggauge

Flowmeter

Centrifugal pump

Figure 1. Centrifugal pump test rig.

(a)

Parameters

Dimensions

Shaft diameter, Dsh
Inlet diameter, D1
Outlet diameter, D2
Inlet blade angle, 1s
Inlet blade angle, 1h
Outlet blade angle, 2
Blade number, z
Blade thickness, t

24 mm
55 mm
142 mm
11
31.5
36
5
2 mm

(b)

D2

Ds

D1

Casing exit

Casing passage

Figure 2. Centrifugal pump impeller and casing. (a) Impeller (cut view), (b) Casing without impeller.
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ﬂowmeter (Adept UFM 6710) mounted on the pipe
with a velocity measurement range of 0–12 m/s measured the discharge. The instrument accuracy was
1% of reading at rates 50.5 m/s, and 0.005 m/s
of reading at rates 40.5 m/s. The variable frequency
drive (VFD) controlled the speed of a three-phase
motor. Data of the ﬂowmeter, pressure gauge,
power analyzer, and tachometer were noted for diﬀerent gate valve positions for diﬀerent pump speed.

PCP test rig
The PCP test rig consisted a tank connected by pipes,
a gate valve and a three-phase motor (Figure 3). The
metallic rotor and elastomeric stator are depicted in
Figure 4 and the speciﬁcation in Table 2. The gate
valve controlled the ﬂow rate and pressure. The pressure at the discharge was measured by a calibrated
piezo-resistive transducer (Keller, PA-21G) rated
1–10 bar with an accuracy of 0.25%. The ﬂow
rate was measured by a pre-calibrated electromagnetic ﬂow meter (Nivo Controls Pvt. Ltd,
NIVOMAGMFI-830) with a range of 0.5–6.5 m3/h
and an accuracy of 1%. A laser-based revolutions
per minute (r/min) sensor measured the pump speed.
The speed of the three-phase motor was controlled by
the VFD of 20 A, 415 V rating (make: ABB). A power
analyzer (make: Yokogawa) measured current, voltage, and power. An automatic pump test system connected to the computer by a programmable logic
controller (PLC) recorded the data.

Preparation of slurry and rheology
In this study, bentonite powder (Figure 5(a)) with different percentages, water, and 0.06% sodium carbonate (Na2CO3) by weight was mixed to produce nonNewtonian homogenous slurries. The mixture was
stirred for half an hour to produce homogenous
slurry. The ions of Na2CO3 made a stable colloidal
solution and maintained a pH level of 8.5–9.5. A
lesser amount (2%, by weight) of bentonite settles
quickly, while a higher amount (3% to 7%) makes
stable slurry.
The ﬂow ability of the slurry was limited to 7%
weight concentration of bentonite.37 The ﬂow ability
of the slurry losses and formation of cake occurs
at 8% weight concentration of bentonite powder
(Figure 5(b)). Therefore, 3%, 5%, and 7% were prepared for the experiments. The terms slurry-0, slurryA, slurry-B, and slurry-C for pure water, 3%, 5%,

Pr

Ps=2Pr

Universall pin joint

Stator

Flow meter
Gate valve

Figure 4. PCP rotor and stator.
PCP: progressive cavity pump.

Tankk
PCP

Pressure
transducer

Motor

RPM Sensor

Figure 3. PCP test rig.
PCP: progressive cavity pump.

Table 2. Details of the PCP used in the experiments.
Parameters

Specifications

Eccentricity (e)
Rotor diameter (Dr)
Stator diameter (Ds)
Stator pitch (Pis)
Rotor pitch (Pir)
Number of stage
Elastomer type (stator)
Metal (rotor)
Pump type

5 mm
30 mm
29 mm
160 mm
80 mm
2
Bonded Hi—Nitrile
Tool steel
Single lobe rotor

PCP: progressive cavity pump.
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(a)

(b)

Figure 5. Bentonite powder and slurry. (a) Bentonite powder, (b) Bentonite slurry (Cws=8%).

(b)
Herschel & Bulkely model
Rheological experiment
Bingham plastic model
Power law model

50
16
t (N/m2)

t (N/m2)

8

4

(c)

20

40

12
8

Herschel & Bulkely model
Rheological experiment
Bingham plastic model
Power law model
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0
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Figure 6. Rheological properties comparsion with experiment and rheological models. (a) 3% weight bentonite, (b) 5% weight
bentonite, (c) 7% weight bentonite.

and 7% of bentonite were used for the further
discussions.
The two parameter model for non-Newtonian
homogenous slurry with yield stress can be modeled
by Bingham plastic model.22–38
 ¼ y þ pl

ð1Þ

The non-linear characteristics of non-Newtonian
slurry can be represented by the power law model.22–38
¼K

n

ð2Þ

The non-Newtonian slurry characteristics can be
represented by three-variable Herschel-Bulkely
model or yield-power-law, a combination of
Bingham plastic and power law model.38
 ¼ y þ K

n

ð3Þ

The curve ﬁtting for the rheological slurry model
was done by using linear and non-linear regression

Table 3. Rheological constants for different models.
Bingham plastic model

Slurry-A
Slurry-B
Slurry-C

 y (Pa)

pl (Pa.s)

0.266
6.04
22.5

0.0072
0.0123
0.0183

K (Pa.sn)

n

0.0105
1.406
10.675

0.951
0.358
0.182

Power law model

Slurry-A
Slurry-B
Slurry-C

Herschel-Bulkely model

Slurry-A
Slurry-B
Slurry-C

 y (Pa)

K (Pa.sn)

n

0.0017
2.246
16.568

0.0102
0.5862
0.9671

0.955
0.467
0.454
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approaches (Figure 6, Table 3). Speciﬁc gravity of the
bentonite powder is commonly measured in pycnometers, but the swelling property of the bentonite
made it diﬃcult.39 The average speciﬁc gravity of
the bentonite powder was determined by using a graduated volumetric ﬂask method is 2.559. The slurry
density and volumetric fraction of solid powder for
mass fraction of 3%, 5%, and 7% are given in Table 4
by equations (5) and (6).1
m ¼ s Cvs þ L ð1  Cvs Þ

ð4Þ

1
Cws ð1  Cws Þ
¼
þ
m
L
s

ð5Þ

ANN model
An ANN is a surrogate model consists of many interconnected units called artiﬁcial neurons similar to the
neurons of the human brain, and the units are classiﬁed as input unit, hidden unit, and output unit.
The model develops the non-linear relationship
between a dependent variable and independent variables. The complexity of the model depends on the
number of hidden units.41,42 A most common nonlinear ANN model containing a hidden layer is
shown in Figure 8.
The input predictors x1 , x2 , ::xk are multiplied by
weights and form a linear combination is given by
ni ¼  i þ

k
X

wji xj

ð11Þ

j¼1

Performance of CFP and PCP
The performances of pumps are characteristics by the
relationship between head and discharge. The head
for incompressible ﬂow with inlet diameter of the
pipe equal to outlet diameter (Dout ¼ Din) is calculated
by Bernoulli’s equation is given by





P
P
Hm ¼
þZ
þZ

m g
m g
out
in

(a)
IImpeller

Suction eye
S

ð6Þ

The main parts of the CFP are depicted in
Figure 7(a) and the PCP components and cross section view of the rotor-stator assembly is shown in
Figure 7(b). Theoretical ﬂow rate (Qt) and leakage
ﬂow rate (Ql) of a PCP is given as40
Theoretical ﬂow rate

Volute casinng
Dischargge

(b)
Pir

Qt ¼ 4eDPis N

Stator cavitty
R
Rotor

Leakage ﬂow rate
Ql ¼ Qt  Qa

ð8Þ

Pis

D

The head ratio ðHRÞ is the ratio of head produced
by pumping slurry ðHm Þ to head produced by water
ðHw Þ.
HR ¼

Hm
Hw

ð9Þ

The eﬃciency ratio ðERÞ is the ratio of eﬃciency
when pumping slurry to eﬃciency when pumping water.
ER ¼

Sttator

ð7Þ

m
w

ð10Þ

Rotor and
stator

Figure 7. Centrifugal and progressive cavity pump geometry.
(a) Centrifugal pump geometry model, (b) Progressive cavity
pump geometry model.

x1

w1i
w

Table 4. Density and volume fraction of slurries.

Slurry-A
Slurry-B
Slurry-C

x2

Cws

m (kg/m3)

CVs

0.03
0.05
0.07

1019
1032
1045

0.011
0.019
0.028

xk

2i

w

ki

Figure 8. Single node ANN model.41
ANN: artificial neural network.

6

Proc IMechE Part A: J Power and Energy 0(0)

The weighted predictors is modiﬁed by a non-linear
function or activation function gðni Þ in the hidden
layer and the output unit (dependent variable) becomes
y ¼ gðni Þ ¼ g i þ

k
X

wji xj

j¼1

!

ð12Þ

The training and testing data developed for the
model were generated at diﬀerent operating conditions by experiments. A commonly used hidden
layer activation function is a hyperbolic tangent or
sigmoid function.42,43 The statistical package SAS
JMP being used for ANN prediction modeling in various problems44–45 and is utilized to develop ANN
model for CFP and PCP in this study. The hyperbolic
tangent function was used in this problem. A schematic form of ANN models is given in Figure 9.
The independent variables are x1, x2, and x3, and
the dependent variable is y.

Results and discussion
CFP performance characteristics

the ﬂow rate (Q) were recorded during the tests for at
N ¼ 1280 and 1440 r/min speeds. The H-Q, -Q, and
Pi-Q curves in Figure 10 show the slurry requires relatively higher pumping power. The other curves for
slurry follow similar trends as in water.
A higher bentonite concentration in slurry gives a
higher apparent viscosity and speciﬁc gravity. The
slurry-C is having higher density and apparent viscosity than the other slurries. In the same way, slurry-B is
denser and viscous than slurry-A. The hydraulic losses
in the pumps are due to skin friction loss and disc
friction loss. Increase in concentration of bentonite
powder cause increase in apparent viscosity of the
slurry, which increases the skin friction drag and produces head and eﬃciency losses.31 Figure 10(a) shows
that the slurry-C produces the lowest head. At
Q ¼ 144 m3/day, slurry-A, slurry-B, and slurry-C produce a head drop of 8.16%, 12.24%, and 16.32%,
respectively, compared to slurry-0.
The disk friction loss is a hydraulic friction
loss produced by the ﬂuid between the gap of impeller
and casing. The IP required for the pump
increases and head drop occurs due to disk friction
loss. The disk friction power loss and head loss46 is
given by

The slurry delivered by a CFP aﬀects the performance
adversely. The head (Hm), the input power (IP), and

Input

Hidden layer

Output layer

Pld ¼


fD u22 D22
40

ð13Þ

Hld ¼

Pld

fD u22 D22
¼
Qg 40Qg

ð14Þ

x1

The disk friction power loss and head loss increase
with an increase in apparent viscosity of the slurry
(equation (18) and (19). Increase in apparent viscosity
increase the disk friction coeﬃcient (fD Þ results in
increase in the power and head loss. Hence, the
pump eﬃciency for the slurry-0 was the highest
(Figure 10(a)). At Q ¼ 144 m3/day, a drop in eﬃciency
by 13.11%, 21.95%, and 28.23% for slurries A, B,
and C, respectively. Increase in slurry density requires

Output (y)

x2
x3

Figure 9. ANN model for CFP aand PCP.
ANN: artificial neural network; CFP: centrifugal pump;
PCP: progressive cavity pump.

(a)

(b)

1280 RPM

h

0.25

60

0.2

1280 RPM

Hm
40
slurry-0
slurry-A
slurry-B
slurry-C

2

20

0

0
0

50

100 150 200
Q (m3/day)

250

Pi (KW)

Hm (m)

4

80

h(%)

6

0.15
slurry-0
slurry-A
slurry-B
slurry-C

0.1
0.05
0
0

50

100 150
Q (m3/day)

200

250

Figure 10. Performance characteristics of centrifugal pump with water and slurries. (a) Head and efficiency-discharge curve,
(b) Power-discharge curve.
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PCP performance characteristics

more power to deliver the ﬂuid (Figure 10(b)), and the
head drop is less. The eﬃciency drop was high because
of increase in density required higher power requirement to lift the high density. The slurry-C requires the
highest power and slurry-0 the least (Figure 10(b)). At
Q ¼ 144 m3/day, the power requirements were
increased by 9.3%, 16.28%, and 22.09% for the slurries A, B, and C, respectively.

(a)

(b)
0.80

6
4

30

0
20

40
60
Hm(m)

80

300 RPM

Qa(m3/day)
35

Qa–h

40

0.72
0.68

slurry-0
slurry-A
slurry-B
slurry-C

0.64

2

Qa

25

30

40

45

50

0.76

10
8

0

25

12

35

300 RPM

(c)

h (%)

40

Ql

IP (kW)

slurry-0
slurry-A
slurry-B
slurry-C

14

Ql (m3/day)

45

Qa (m3/day)

The PCP was tested for total head ðHÞ, discharge
(Qa), and IP (Pi) at a speed of N ¼ 300, 240, and
150 r/min. The main losses in the pump are volumetric
and mechanical losses.47 Due to the rotation of the
rotor, the ﬂuid ﬂows from the inlet to the outlet, and
the leakage ﬂow, which gives volumetric loss, occurs
in opposite direction.

300 RPM

Hm–h

30
20
slurry-0
slurry-A
slurry-B
slurry-C

10

0.60

0

100

0

20

40

60

80

0

100

20

40

60

80

100

Hm(m)

Hm(m)

Figure 11. Performance characteristics of progressive cavity pump with water and slurries. (a) Discharge and leakage-headcurve, (b)
Power-head curve, (c) Efficiency head and discharge curve.

(b)
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0.7
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slurry-A
slurry-B 1280 RPM
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0.65

0.6
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Q(m3/day)

200
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0.8
ER
HR

0.75
0.7

1280 RPM

0.65

0.6
0

0.85

0.6
0

50

100 150
Q(m3/day)

200

250

0

2

4
Cws (in%)

6

8

Figure 12. Efficeincy ratio and head ratio curve for centrifgugal pump. (a) Efficeincy ratio-discharge curve, (b) Head ratio-discharge
curve, (c) Efficeincy ratio and head ratio – weight concentration of bentonite curve.
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8
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Figure 13. Efficeincy ratio and head ratio curve for progressive cavity pump. (a) Efficeincy ratio-discharge curve, (b) Head ratiodischarge curve, (c) Efficeincy ratio and head ratio –weight concentration of bentonite curve.
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In Figure 11(a), the pump delivers maximum ﬂow
rate at Hm ¼ 0 and increase in the total pressure head
(Hm) cause a reduction in ﬂowrate (Qa). The same
trend was noticed for all slurries. The rotor translational and rotational motion inside the stator and
ﬂuid pressure produce a compressive force, which
causes deformation in the stator and gives higher
leakage. Although the ﬂowrate and the pressure are
independent, the leakage ﬂow (Qi) increases with the
increase in Hm.
The leakage is inversely proportional to the apparent viscosity and slurry-C having highest apparent
viscosity gives the least leakage. The diﬀerential pressure, which increases the stator-rotor clearance,
increases the leakage. However, a high viscosity creates ﬂow resistance and reduces the leakage. An
increase in 5.28%, 8.65%, and 10.57% in discharge
and a decrease in 13.75%, 22.5%, and 27.5% in leakage ﬂow for the slurries A, B, and C, respectively,
were observed (Figure 11(a)). The power consumption

(a)

(IP) is the highest for slurry-C (Figure 11(b)) because
of the highest density.
Higher power consumption implies a decrease in
eﬃciency. However, the leakage aﬀects more the density increase in eﬃciency (Figure 11(c)). Hence, the
slurry-C shows higher eﬃciency. The eﬃciency at
Hm ¼ 80 m is 4.48%, 7.98%, and 10.05% higher for

Table 5. Training and validation of CFP ANN model.
Efficiency model

Head model

Parameters

Training

Validation

Training

Validation

R2
RMSE
SSE

0.999
0.375
4.22

0.998
0.511
2.09

0.998
0.029
0.024

0.999
0.011
0.001

CFP: centrifugal pump; ANN: artificial neural network; RMSE: root
mean square error; SSE: sum of squares of error.

(b)

6

8
1440 RPM

1280 RPM
7
5
4
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Hm(m)
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slurry-0 experiment
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Figure 14. Comparsion of CFP ANN head model with experimental results.
CFP: centrifugal pump; ANN: artificial neural network.
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0
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0
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Figure 15. Comparsion of CFP ANN efficiency model with experimental result.
CFP: centrifugal pump; ANN: artificial neural network.
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150
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200
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Figure 16. Head and efficiency prediction of CFP with different viscosity using a ANN model.
CFP: centrifugal pump; ANN: artificial neural network.
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Figure 17. Comparsion of PCP ANN head model with experimental results.
PCP: progressive cavity pump; ANN: artificial neural network.
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slurries A, B, and C, respectively. At Q ¼ 35 m3/day,
42.63%, 72.09%, and 115.50% increase in eﬃciency
for the slurries A, B, and C, respectively, are noticed.

data for ANN model head and eﬃciency is depicted
in Figures 14 and 15, respectively, the ANN model ﬁt
well with the experiment data. The training and validation of the CFP ANN model are shown in Table 5.
Training is the process of ﬁnding the numerical
variables and cross validation is done to avoid over
ﬁtting or under ﬁtting the data. The k-fold cross validation method was used in which data is split into k
set of sub sample and validate the model with every
kth dataset and train the model using the remaining
data set. For testing and validating, 30 and 8 experimental data, respectively, were used (Table 5). The
value of R2 close to 1 implies that the curve is a
good ﬁt and near to 0 is not a good ﬁt. The head
and eﬃciency ANN model had a good ﬁt; since
R2 & 1 the ANN models are more accurate.
In Figure 16, the ANN model predicts H for different viscosities at N ¼ 1340 r/min. The slurry viscosity ranges from p ¼ 0.001 Pa.s to 0.018 Pa.s, and the
head drops as the viscosity increases. A drop in eﬃciency occurs with increase in slurry viscosity at constant speed (Figure 16(b)). Head and eﬃciency of
CFP at diﬀerent speed is predicted by ANN model
is shown in Figure 16(c) and (d). Increase in speed
of the pump increases the absolute velocity, which
increases the head and eﬃciency. The increase in the
speed required more IP, which caused less increase in
the eﬃciency. The HR for diﬀerent viscosity varies
less with increase in discharge (Figure 16(e)) but ER
increase with increase in discharge (Figure 16(f)).

ER and HR of CFP and PCP
The slurry aﬀects the head, ﬂow and eﬃciency of CFP
and PCP (Figures 12 & 13). In CFP, the ER increase with
increase Q but HR remains more or less constant with
the increase in ﬂow rate (Figure 12a & b). A higher solid
concentration (Cws at Q=100 m3/day) increases the
viscosity and deteriorate the performance (Figure 12(c)).
The ER and HR increases (Figure 13(a) and (b))
with an increase in ﬂow rate for PCP. The increase in
apparent viscosity reduces the leakage and increases
the head, ﬂowrate, and eﬃciency for slurries. Hence,
the curves of ER-Hm and HR-Hm show increasing
slope for all the slurries. The increase in concentration
increases ER and HR at Qa ¼ 35 m3/day because of
leakage (Figure 13(c)). The PCP is more eﬃcient to
handle slurry with higher viscosity than a CFP. The
ER 4 1 and HR 4 1 for the CFP delivering slurries,
while these are < 1 for PCP.

CFP ANN model
The variables Q, p and N were used as inputs and Hm
and  were the outputs, i.e. Hm ¼ f ðQ, p , NÞ and
 ¼ f ðQ, p , NÞ. The comparison with experiment
Table 6. Training and validation of PCP ANN model.

PCP ANN model

Efficiency model

Head model

Parameters

Training

Validation

Training

Validation

R2
RMSE
SSE

0.9997
0.178
2.77

0.9996
0.1636
0.564

0.994
0.271
6.38

0.989
0.33
2.37

The performance of a PCP depends upon the pump
conﬁguration and the operating conditions such as
speed, viscosity, and pressure head. The pressure
head (Hm), plastic viscosity (), and speed of the
pump (N) are the input layers and leakage and
eﬃciency are the output layer (Ql ¼ fðHm , , NÞ
and ¼ f ðHm , , NÞ) with a single hidden layer of tangent activation function.

PCP: progressive cavity pump; ANN: artificial neural network; RMSE:
root mean square error; SSE: sum of squares of error.
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Figure 18. Comparsion of PCP ANN efficiency model with experimental results.
PCP: progressive cavity pump; ANN: artificial neural network.
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experiment, respectively. Figure 19 shows that the
leakage reduces as viscosity and pump speed increase
for the viscosities p ¼ 0.001 to 0.018 Pa.s. The leakage reduces as the plastic viscosity increases. In
Figure 19(b), it is found that the leakage increases
with decrease in speed (N ¼ 300 r/min to 150 r/min).
The volumetric eﬃciency increases linearly with
increase in viscosity at diﬀerent heads (Figure 19(c)).
The discharge of PCP increase with an increase in the

The ANN models results are a good comparison
with the experimental results of PCP shown in
Figures 17 (ANN head model) and 18 (ANN eﬃciency model). From the training, the performance
parameter R2 is nearby 1. Therefore, PCP ANN
models also capable of predicting the performance
with good accuracy. The training and validation of
the model are shown in Table 6. The training and
validation were done by 87 and 21 data sets of
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Figure 19. Leakage with different speed and viscosity range using an ANN leakage model. (a) Leakage–headcurve, (b) Leakage-head
curve, (c) Leakage-viscosity curve, (d) Leakage- speed curve.
ANN: artificial neural network.
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rotation speed of the pump and leakage also reduces
with increase in the speed (equation (12))
(Figure 19(d)). In Figure 20, the pump eﬃciency is
higher for higher viscosity and speed (N). At a
lower head, the leakage is less and the eﬀect of viscosity is negligible. The ER increases with increase in the
head for diﬀerent viscosities (Figure 20(c)). The relative error for the ANN prediction models are less than
one which ﬁts well compared to other ANN prediction models available in the literature.

Conclusion
The performance characteristics of CFP and PCP
delivering homogenous non-settling slurry made up
of bentonite powder, sodium carbonate, and water
mixture was studied by experimental methods, and
an ANN model was developed to predict performances of the pumps. The conclusions are:
. Solid particles increase the apparent viscosity and
produces hydraulic losses in the CFP.
. In PCP, an increase in diﬀerential pressure
increases leakage and reduces volumetric eﬃciency.
The increase in apparent viscosity reduces leakage.
. The power consumption of PCP increases with
increase in weight concentration of slurry.
. The ER and HR: ER and HR < 1 for CFP, and >1
for PCP. In PCP, the performance enhances when
it delivers slurry of higher viscosity ﬂuid, it drops if
CFP is used.
. The ANN model ﬁts well with the experimental
data curves. The CFP ANN model can predict
head and eﬃciency, while PCP ANN model predicts the leakage and eﬃciency delivering slurries.
. The ANN model can be used for developing
approximation models, which can predict pump
performances and reduces the experimental eﬀorts.
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Appendix
Notation
b
C
D
e
fd
g
H
Hld
I
K
L
M
N
P
Pld
Q
T
u
x
y

width of channel (m)
fraction
diameter (m)
eccentricity (m)
disk friction coefficient
acceleration due to gravity (m/s2)
pressure head (m)
disk friction head loss (m)
input power (KW)
Consistency index (Pa.sn)
length (m)
mass (kg)
speed of the pump (r/min)
pressure (kPa)
disk friction power loss (W)
discharge (m3/day)
torque (Nm)
tangential velocity (m/s)
independent variable
dependent variable





!

shear rate (s1)
efficiency
viscosity of the fluid (Pa.s)
density (kg/m3)
shear stress (Pa)
rotational speed (rad/s)
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Subscripts
a
L
l
m
p
pl
r
s
st
sh

actual
liquid
leakage
mixture
pump
plastic
rotor
solid
stator
shaft

t
v
w
y
1
2

theoretical
volume concentration
weight concentration
yield stress component
inlet
outlet

Superscript
n

power law index

