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Abstract

This paper presents a novel approach towards centrifugal pump design optimization, employing an integration of deep
learning and Computational Fluid Dynamics (CFD). Centrifugal pumps’ complex operation environments require innovative
strategies for optimal performance. By harnessing machine learning, this study innovatively shifts the traditional design focus
towards maximizing pressure rise and eliminating reverse flows in the impeller. The approach uses a deep learning model to
predict pump performance parameters which are evaluated via comparative analysis with predefined outputs. Moreover,
correlations between pressure head and relative velocity angle are investigated. Key manipulated design parameters include
relative diffuser vane angle, number of diffuser vanes, number of impeller blades and the impeller wrap angle. The results
demonstrate the efficacy of machine learning in delivering accurate predictions and valuable insights into pump performance,

thereby paving the way for more efficient and reliable centrifugal pump designs.
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1. Introduction

Centrifugal pumps serve as the lifeblood in a variety of fields,
including oil and gas operations,!'* water supply,!”*! chemical
processing,l’’ wastewater management,['”! sewage/slurry
disposal,l'-131 heat generation,'*!7! irrigation,'s) mining'”) and
heart transplantation/cardiac operations.?*?'l They work by
converting mechanical energy into kinetic energy, thereby
facilitating an efficient fluid transfer process.??! Their
performance, dictating efficiency, reliability, and energy
consumption, however, often finds itself at odds with complex
operating environments.! These challenging circumstances
nonlinear hydraulic fluctuating

comprise phenomena,
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operational conditions, and external disturbances, all of which
need the development of innovative strategies for optimal
pump operation.

In this regard, serious efforts have been made in the
optimization of centrifugal pumps for the last 15 years.
Heuristic methods are frequently used in the optimization of
the centrifugal pump. The remarkable works of this class;
genetic optimization and experimental verification of complex
parallel pump station,”*! numerical shape optimization of
pump impeller using artificial bee colony algorithm, ! multi-
objective particle swarm optimization,? and pareto-based
multi-objective optimization studies using neural networks
and genetic algorithms?’! can be given as examples. It would
be a mistake to design centrifugal pumps by considering one
single objective. For this reason, optimization should be made
by considering more than one objective. This is often referred
as multi-objective optimization. For example; blockage,
hydraulic efficiency, and cavitation number have been selected
as the objective functions to design the impeller to reduce flow
recirculation and cavitation.l”®! Another shape optimization of
the impeller was conducted for better pump performance.”!
Kriging metamodels, considered as one of the recently popular
are preferred in multi-objective

numerical methods,
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optimizations of centrifugal pump.?*’ In many multi-objective
optimization studies, Computational Fluid Dynamics (CFD)
plays an important role in data generation. Experimental
methods, on the other hand, are used usually for validation
purposes. Different optimization methods are applied to reach
an optimum pump geometry. The orthogonal method, which is
an important branch of statistics and widely used in industrial
production and experiments, has become a preferred tool in
the optimization of pump geometries by combining it with
CFD. Surrogate models*'-*?l and multilayer neural network!**-34
are the other methods are preferred in this field. Many
examples related to optimization of centrifugal pump for
industrial purposes can be given, but it should not be avoided
that this field is not limited for these purposes, only. One of
the interesting applications of optimization was conducted for
a miniature pediatric pump to eliminate the adverse leakage
flow, which is vital for heart.[3235]

As an alternative to the variety of optimization methods
and objective functions of the centrifugal pump, machine
learning has emerged as a game-changing tool, offering a
novel pathway to enhancing the performance of centrifugal
pumps.¢-3¥ Machine learning algorithms utilize historical data
and real-time measurements, leveraging these inputs to
develop models that optimize critical operating conditions
such as pump speed, impeller geometry, and flow control
strategies. They bring adaptability to pump control systems,
providing adaptive control strategies that continually optimize
pump operations based on an analysis of evolving
environments.**-*!1' This dynamic approach paves the way for
increased efficiency, extended equipment lifespan, and
significant energy consumption reduction, collectively
enhancing industrial outcomes.*?!

Additionally, machine learning, by its very nature, breaks
away from the inherent limitations of traditional pump design
and control methodologies, contributing to centrifugal pump
performance enhancement and fault detection.>#-41 [t negates
the need for oversimplified models and assumptions,
processing vast amounts of data, recognizing key features, and
extracting insights that may have otherwise gone unnoticed.
Machine learning algorithms learn from historical data to
decipher patterns and correlations between input parameters
and pump performance, resulting in more accurate predictions
and a deeper understanding of the underlying physical
phenomena.

A this the

implementation of reinforcement learning algorithms, which

significant contribution in regard is
enable pumps to iteratively learn optimal control policies. This
feedback-based learning allows pumps to autonomously

modify their behaviour to meet operational objectives, thereby
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enhancing efficiency and responsiveness.*’

The intricate flow within a centrifugal pump, characterized
by high viscosity, turbulent effects, and substantial Coriolis
forces, adds to the complexity of its design and optimization
process. Recent advances in machine learning, when coupled
with CFD techniques, have proven beneficial for addressing
these design challenges in turbomachinery. These techniques
are particularly beneficial when tackling the complexities of
impeller-diffuser interactions within a single solution domain
to generate improved designs for centrifugal pumps.

Our study hinges on this scientific progress and focuses on
leveraging the prowess of advanced machine learning and
CFD techniques for the optimization of centrifugal pump
performance. We extend previous studies that primarily target
maximizing efficiency and minimizing Net Positive Suction
Head required (NPSHr). Instead, our work aims at maximizing
the pressure rise AP and eliminating reverse flows in the
impeller to offer a fast solution from the CFD perspective.

We undertake a comprehensive approach, modifying pump
geometry based on parameters like the relative diffuser vane
angle ag4y;, number of diffuser vanes Z;, number of impeller
blades Z;, and the impeller wrap angle ayqp. In this study, we
mainly focus on the impeller and diffuser blade orientations.
The impeller diameter is kept constant but with changes to the
different wrap angles which leads to variable outlet angles (the
center of the diffuser vanes is kept fixed, however, by rotating
the diffuser angle vanes around the fixed diffuser center
provides variable inlet and outlet diffuser angle. Therefore, the
chosen design parameters in essence provide different inlet
and outlet angles). Our study stands apart in its unique
approach to deep learning, which integrates the CFD solution
of a centrifugal pump based on impeller-diffuser matching
using these parameters, a methodology not explored before, to
the best of our knowledge

This paper presents an empirical model derived from
of these
parameters to optimize relative velocity angle and pressure

numerical simulations of 693 combinations
head. The data points from these simulations serve as inputs
for a deep learning model to predict pressure head and relative
velocity. We also conduct exploratory data analysis of this data
and present the findings. Through this study, we aim to
establish significant correlations between pressure head and
relative velocity angle that can drive future engineering efforts
in centrifugal pump design.

Firstly, we present the numerical simulations we conducted
to acquire the requisite data. These simulations, involving 693
different combinations of the key design parameters relative
diffuser vane angle ag;, number of diffuser vanes Z;, number
of impeller blades Z;, and the impeller wrap angle a4 -serve
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as the foundation of our study. The outputs of these
simulations provide us with data on pressure head and relative
velocity angle, which are critical to the optimization of
centrifugal pump performance.

Following the data acquisition, we delve into an extensive
exploratory data analysis (EDA) of the simulation results. This
step is crucial to our understanding of the data’s structure and
identifying patterns and relationships between the variables.
By visualizing and summarizing the data, we seek to generate
insights that can further guide our predictive modelling efforts.
After the EDA, we present our deep learning model that
utilizes the data obtained from the numerical simulations. This
advanced machine learning model is developed to predict
pressure head and relative velocity angle, key performance
indicators of centrifugal pump performance. By learning from
the extensive data generated from the numerical simulations,
the model aims to provide accurate predictions and a deeper
understanding of the relationship between the design
parameters and pump performance.

Subsequently, we introduce the correlation analysis
conducted to predict the pressure head and relative velocity
angle. Here, we aim to uncover any significant correlations for
pressure head and relative velocity angle, which can be
instrumental in future engineering and optimization efforts.

Finally, the paper culminates in a conclusion where we
recapitulate our findings, discuss their implications, and
suggest directions for future research in the area. This section
is designed to summarize the research and provide a clear
understanding of its significance and potential future
applications.

2. CFD Case Setup
In this section, the methodology adopted for the creation of the
pump geometry, flow solver, and grid structure are explained.

2.1 Geometry and grid

The centrifugal pump investigated in the present study has
been experimentally studied in the past by Ref. [48]; the
turbulent flow behaviour was investigated using 2D particle
image velocimetry (PIV). A schematic description of the pump
geometry, location of measurements and sample area are
presented in Fig. 1. To ensure smooth flow into the pump, a
settling chamber, honeycombs, screens, and turning vanes
were employed. To minimize vibrations and isolate the pump
from the rest of the facility, 50 meters of coiled flexible hoses
were utilized. The test model consisted of a vertical centrifugal
pump equipped with a vaned diffuser, operating at 890 rpm.
The pump's design specific speed was 0.49, with an estimated
design flow coefficient of 0.118 and a head coefficient of 5.2.

© Engineered Science Publisher LLC 2024

As depicted in Fig. 1, the impeller features five backward-
swept blades with a logarithmic profile, each with an exit
angle of 19 degrees relative to the tangent. At the inlet, the
impeller blade inlet angle at the hub relative to the
circumferential tangent was 14.1 degrees, while the blade inlet
angle at the shroud surface was approximately 24.2 degrees.
The impeller's inlet and discharge blade tip diameters were
8.51 and 20.32 centimeters, respectively. The optical setup of
the PIV system is given in Fig. 2. To provide unobstructed
visibility of the flow within the transparent sections of the
impeller, the gap between the rotor and stator, the diffuser
vanes, and the volute, the facility was meticulously designed.
A combination of cylindrical and spherical lenses was utilized
which expanded the laser beam into a 1-millimeter-thick light
sheet. This sheet illuminates any desired section of the volute
through the transparent perimeter. Illumination from below
was also possible to examine normal locations. The image was
captured by a camera positioned below the pump. Two types
of lasers were employed: a continuously pulsed copper vapor
laser with primary wavelengths of 511 and 578 nm, and a
frequency-doubled Nd-YAG laser operating at 532 nm. The
majority of experiments were conducted using the Nd-YAG
laser. For detailed information about the experimental setup
and the outputs please see [48].

The geometry and the corresponding grid topology for the
present study were generated using Gambit 2.4.61 software
based on the dimensions given in Table 1 and illustrated in Fig.
3.

Geometries were generated via a Gambit journal file. The
algorithm for the journal file is tabulated in Table 2.

For each CFD simulation, the journal file was created from
scratch based on the values of the parameters used for deep
learning. Values change from -5° to 10° for the relative diffuser
angle, from 8 to 10 for the number of diffuser vanes, from 4 to
6 for the number of impeller blades, and from -10° to 15° for
the impeller wrap angle. The geometrical orientation of the
wrap and relative diffuser angles are schematically shown in
Fig. 4. The ranges of the parameters are determined in such a
way that automatic generation of the diffuser vanes and the
impeller blades do not intersect. In order words, the leading
and trailing edges of the diffuser vanes do not extend into the
impeller volume. As for the grid topology employed in this
study, firstly a pave-type inviscid grid was created. Then the
grid was exported to Fluent solver. The solver uses a hanging-
node adaptation for every 200 iterations near the walls
(impeller blades, diffuser vanes, and the volute) to predict the
boundary layer effect. Therefore, the flow solver has a part in
the role of grid formation in this study.

Eng. Sci., 2024, 30, 1150 | 3
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Fig. 1 The centrifugal pump geometry. Reproduced with the
permission from [48], American Society of Mechanical
Engineers.

2.2 Flow solver

The governing transport equations were solved via a multi-
purpose finite-volume code, Fluent 6.3.26°% solver, based on
the projection method.> The flow was assumed to be steady,
viscous, and incompressible. The frozen rotor approach was
employed for the flow in the impeller. Second-order upwind
schemes were used for the equations of momentum, turbulent
kinetic energy, and turbulence dissipation. An under-
relaxation factor of 0.3 for pressure was used to avoid
numerical instabilities. PISO®? algorithm and PRESTO?
scheme were adopted for the pressure—velocity coupling and
the pressure interpolation, respectively. For the simulations,

the k — w SST turbulence model* was adopted. This model
combines the strength of the near wall behavior of k — w
model and numerical robustness of the k — € model in the far
field. The model has
benchmarked for several past

been successfully tested and
studies,

turbomachinery.*>7 The linearized equations were solved by

with rotating

the Gauss-Seidel method with an algebraic multigrid method
to accelerate convergence. Similar to the grid generation, the
flow solver was run using a journal file. Constant mass flow
rate and pressure were imposed at the inlet and exit boundary
conditions, respectively. After the convergence was achieved,
pressure head and the relative angle in the impeller were
calculated. The algorithm adopted for the Fluent journal file is
given in Table 3.

Table 1. Dimensions of the original pump. Reproduced with the
permission from [48], American Society of Mechanical

Engineers.
Impeller inlet diameter 8.51 cm
Impeller discharge diameter 20.32 cm
Diffuser inside diameter 24.45 cm
Diffuser chord length 30.5 cm
Diffuser suction side radius 13.44 cm
Diffuser pressure side radius 14.15 cm
Diffuser discharge diameter 24.79 cm
Number of impeller blades 5
Number of diffuser vanes 9
Impeller wrap angle 170°
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Fig. 2 Experimental setup for the centrifugal pump. Reproduced with the permission from [48], American Society of Mechanical

Engineers.
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Fig. 3 Adopted grid structure for flow analyses.

Table 2. Algorithm for the geometry and grid generation.

Step
Number

Action

1
2

10

11
12
13
14
15
16
17

Reference coordinate system is activated for the impeller.

Ten vertices are generated on the suction side of the original impeller blade by
dividing the edge with equidistance lengths.

These vertices are copied based on the wrap angle by rotating around the impeller
centre (0,0).

A nurb-type edge is created by the interpolation of these ten vertices.

Pressure side is created via the rotation of the suction side by rotating with the
impeller centre (0,0).

Leading and trailing edges are created.

Impeller blade is created from leading, trailing, pressure side, and suction side edges.
Impeller blade is copied based on the desired number of blades by rotating around
impeller centre (0,0).

Alternative coordinate system is activated for the vaned diffuser.

A diffuser vane is created based on the diffuser angle relative to the original diffuser
vane.

Diffuser vane is copied based on the desired number of vanes.

Impeller region is meshed.

Diffuser and volute region is meshed.

Interior region is defined for the impeller.

Interior region is defined for the diffuser and volute.

Exterior regions (inlet, outlet, volute walls, impeller and diffuser vanes) are defined.
Mesh file is exported.

© Engineered Science Publisher LLC 2024
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er vane angle (aqir). C; is the centre of the impeller and Cq is the

Table 3. Algorithm for the flow solution.

Step .
Action
Number

Mesh file is read into flow solver.

Reference density is set as the water density.

Reference fluid region is set as the impeller region.

Grid is scaled.

Material properties are set for the interior regions.
Impeller region is set as rotational (93.2 rad/s).
Turbulence model is selected.

Outlet boundary is set as Dirichlet boundary (constant pre

O 00 1 &N W B~ W N —

—_
(=)

Convergence criteria are selected as 104,

—_
—_—

Flow field is initiated.

—_
N}

Solution is started with 200 iterations. Three stages of y*

ssure is applied).

Inlet boundary is set as Dirichlet boundary (constant mass flow rate is applied).

adaptation is employed. Cartesian grid is applied next to

the walls for every 100 iterations to reach an average y* value of 30.

13 Pressures at the inlet and outlet regions is written in a file.

2.3 Mesh sensitivity and benchmark comparisons

A total of 693 CFD cases were run for the analysis of deep
learning. Before the runs, a mesh sensitivity study was
performed. For this, four types of grids were used. A schematic
comparison of tested grids is shown in Fig. 5. The first type
grid, which was referred as coarse grid, has an inviscid mesh
without any boundary layer adaptation. The second type grid
has a mild adaptation near the walls and in the entire domain.
The grid size is around 1.5 times the size of the coarse grid.

6 | Eng. Sci., 2024, 30, 1150

The third type grid has a better boundary layer adaptation but
a mild refinement for the rest of the domain. The cell size is
around 2 times the first type grid. The fourth type is the finest
mesh where the grid is refined maximum near the walls as well
as for the rest. The cell size is around 4 times the coarse grid.
It is of utmost important to know the sensitivity of the
solver since reliable data is required for a deep learning study.
It is not documented here, but the solver was seen to show
almost no difference in pressure predictions in the case of

© Engineered Science Publisher LLC 2024
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Fig. 5 Schematic comparison of tested grids (Type 1: Coarse Grid, Type 2: Medium Grid, Type 3: Fine Grid, Type 4: Very Fine

Grid).

different boundary conditions, extended inlet and outlet
boundaries and different two-equation RANS models.
However, the grid resolution was thought as a major factor for
the results. To understand the effect of grid resolution, as
mentioned, four types of grids were tested for the original
pump configuration.[*8] Details of the various parameters for
these meshes and relative errors with the finest mesh are
shown in Table 4. It can be seen that the relative errors of
Type 2 and Type 3 meshes compared to Type 4 mesh were
within 1% for minimum pressure, maximum pressure and
minimum relative velocity configurations. However, for the
maximum velocity configuration Type 3, parameter
predictions were much closer to the Type 4 mesh and hence
this Type 3 mesh was then used for all future simulations.
Apart from the quantitative comparisons of different meshes,
we also looked at the flow physics as to which mesh was
performing better. For this purpose, the pressure and the
hydraulic power results are compared with the available
experimental data as seen in Fig. 6. As shown, tested grids
over-predict the pressure values at low mass flow rates, due to
the significant turbulent behaviour which results when the
pump is driven to off-design conditions at low flow rates
(stagnation). Discrepancies decrease at high mass flow rates.

© Engineered Science Publisher LLC 2024

Over results of Type 1 and Type 2 suggest that the boundary
layer refinement might be necessary to obtain better
predictions. As for the power results, there is a good agreement
between the predictions and experimental data for low mass
flow rates till 2.6 kg/s. After this, Type 1 and Type 2 results
seem to differ from the experimental data, significantly.
Type 3 improves both pressure and power predictions similar
to Type 4. Therefore, it can be concluded that the grid
convergence is achieved and as a result, Type 3 is considered
as a reasonable choice for the CFD runs. It should be noted
that, since the 3D pump geometry is very complex and CFD
runs are very time-consuming, the optimization has been
performed with 2D CFD cases. To validate the numerical setup
and flow model, pressure and power predictions for a 3D CFD
run are included in Fig. 6. As shown in Fig. 6, the predictions
for the 3D configuration agree well with both pressure and
power data of the experiment, within 2% whereas the 2D
numerical data was within 8% of the experimental data as
shown by the error bars in this plot. After the CFD runs, the
effect of tested grids on some distinctive cases was examined
to be confident about the grid independence. Out of 693 runs,
four cases were chosen: minimum and maximum outputs for
pressure head and relative impeller angle. As seen in Fig. 6,

Eng. Sci., 2024, 30, 1150 | 7
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Fig. 6 Mass Flow Rate and Hydraulic Power Comparison for the grids and the experimental data.

Type 3 and Type 4 grids predict very close values for all
distinctive cases, therefore the use of Type 3 grid for CFD
runs has been an appropriate choice. It is important to mention
here that the useful set of data configurations out of the total
693 was only 525; cases which returned a positive pressure
head. The reason behind this is that when the original range of
design parameters were chosen (relative diffuser vane angle
aqjr, number of diffuser vanes Zz, number of impeller blades Z;,
and the impeller wrap angle o.4), Wwe did not anticipate a-
priori if the output of the pump would be negative or positive;
we only had to option to define the range of the varying
parameter based on the geometric constraints, as already
aforementioned. Thus, the total number of useful cases was

mass flow rate (kg/s)

[48]

reduced to 525, which are used for the machine learning part
for the later analysis.

3. Exploratory Data Analysis (EDA)

The dataset generated via the CFD simulations consists of four
(4) predictor variables (i.e., impeller wrap angle, relative
diffuser angle, number of diffuser vanes, and number of
impeller blades). These were used to predict pressure head and
relative velocity angles. Fig. 7 shows a comprehensive
representation of the 693 data points, illustrating the
relationship between key parameters in the centrifugal pump
system. Here the x-axis represents the data points, while the y-
axis depicts the impeller wrap angle, no. of diffuser vanes,

Table 4. The effect of grids on distinctive cases with relative errors.

Type 1 Type 2 Type 3 Type 4
C Medi Fi Ve Fi
oarse Error % edium % ine Exror % ery Fine
Mesh Mesh Mesh Mesh
Cells (*10%) 132.00 - 224.00 - 273.00 - 517.00
Minimum
Pressure (m) -9.6 8.82 -10.54 0.02 -10.64 -0.98 -10.55
Pressure Case
Rel. Vel. Angle (°) -89.40 -0.22 -89.20 0.01 -89.30 -0.11 -89.20
Cells (*10%) 103.00 - 143.00 - 223.00 - 449.00
Maximum
Pressure (m) 5.27 -4.08 5.16 -2.04 4.96 2.04 5.06
Pressure Case
Rel. Vel. Angle (°) -88.10 0.23 -87.80 0.57 -87.90 0.45 -88.30
Minimum Cells (*10%) 106.00 - 14500 - 22500 - 454.00
Relative Pressure (m) 5.06 -4.26 4.96 2.13 4.75 2.13 4.85
Velocity Angle
Case Rel. Vel. Angle (°) -90.00 0.00 -90.00 0.00 -90.00 0.00 -90.00
Maximum Cells (*10%) 100.00 - 138.00 - 216.00 - 440.00
Relative Pressure (m) 527 -8.51 5.06 426 4.96 2.13 4.85
Velocity Angle
Case Rel. Vel. Angle (°) -86.20 -1.41 -86.40 -1.65 -85.50 -0.59 -85.00

8| Eng. Sci., 2024, 30, 1150
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Fig. 7 Data points of the given dataset for the impeller wrap angle, no. of diffuser vanes, pressure head, and relative velocity angle.

pressure head, and relative velocity angle, respectively. This
figure provides a concise visual overview of the intricate
connections between these parameters, offering valuable
insights into their interdependencies within the pump system.
connections between these parameters, offering valuable
insights into their interdependencies within the pump system.
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Figure 8 gives the interplay between the impeller wrap
angle, number of diffuser vanes, pressure head, and relative
velocity angle in the centrifugal pump system. Correlations
(see Fig. 9) and patterns emerge from the carefully arranged
scatter plots, enriching our understanding of these parameters’
impact on pressure head and relative velocity angle.
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Fig. 8 Relationship displayed using scattered and kde plots between different data values.
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The correlation matrix (Fig. 9) reveals significant
associations between pressure head, relative velocity angle,
and the impeller parameters, specifically the impeller blades
and impeller wrap angle. This indicates a strong relationship
between these variables in the centrifugal pump system. The
findings suggest that variations in impeller design, such as the
number of blades and wrap angle, have a direct influence on
both pressure head and the relative velocity angle (see Fig. 9
in conjunction with Fig. 10). Understanding these
relationships is crucial for optimizing pump performance and
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5
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achieving desired operational goals in various applications.

4. Modelling using deep learning
In the exploration of a pressure prediction model, we
formulated the deep learning model utilizing the Keras
framework. The dataset was divided using an 80/20
partitioning scheme, where 80% of the data was designated for
training, and the remaining 20% was allocated for validation
purposes.

Prior to the implementation of the model, the data was
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Fig. 10 Violin plot (left) and Swarm plot (right) for features which are strongly correlated with Pressure Head and Relative Velocity

Angle.
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initially normalized to eliminate the potential influence of
differing scales or magnitudes, thereby improving the efficacy
of the learning process. Subsequently, we employed a
sequential model from Keras, featuring a robust architecture
of nine layers, which was instrumental in capturing complex
patterns and relationships within the data.

To quantify the quality of the model during the training
process, we selected Mean Squared Error (MSE) as the loss
function for pressure head model. The MSE function provides
a suitable and effective method of determining the average
squared difference between the predicted and actual values,
thereby ensuring an optimal fit of the model to the data.

In terms of optimization, the Adam optimizer was
selected, a popular choice owing to its efficiency and low
computational requirement. Adam combines the advantages of
two other extensions of stochastic gradient descent: Adaptive
Gradient Algorithm (AdaGrad) and Root Mean Square
Propagation (RMSProp), thereby ensuring efficient and
effective model optimization. Overall, a nine-layer Sequential
model using the MSE loss function and the Adam optimizer,
pressure prediction model was trained up to 1000 epochs (see
Fig. 11).

The data associated with the relative velocity angle
exhibited a particularly narrow range (see Fig. 7). Given this
characteristic, a model that incorporated the Leaky Rectified
Linear Unit (LeakyReLU) activation function was determined

The LeakyReLU function was chosen because it offers a
solution to the ‘dying ReLU’ problem, allowing for a small,
positive gradient when the unit is not active and thus
facilitating improved learning from the data with less
substantial variation.

For the purpose of error calculation, the Huber loss
function was selected. Huber loss (also called Huber error) is
a loss function used in regression tasks that combines the best
properties of mean squared error (MSE) and mean absolute
error (MAE). Like MSE, it penalizes large errors more than
small errors, but like MAE, it is less sensitive to outliers. The
Huber loss function is defined as:

For [Ypred - Viruel <= 0.5 X (Vpred - ytme)z
For | ypred - Yirue | > X | Ypred - Virue | - 0.5 *
where y,eq 1s the predicted value, yi. is the true value, and

2

delta is a hyperparameter that determines the point at which
the loss switches from quadratic to linear. If the absolute
difference between the predicted and true values is less than
delta, the loss is quadratic, otherwise it is linear. Huber loss
can be used as a drop-in replacement for MSE in many cases
and can improve the robustness and stability of the model,
especially in the presence of outliers.

To achieve an optimal fit, the model was trained over 1,000
epochs (see Fig. 12). This extended training period allowed the
model to thoroughly learn and extract the underlying patterns
within the data, thereby facilitating more accurate and reliable

to be sufficiently effective in achieving reliable predictions. predictions.
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Fig. 11 Evolution of MSE with number of epochs for pressure.
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5. Results

5.1 Pressure predictions using deep neural network

To evaluate the performance of the trained model, the
predicted pressure values were compared with a validation
dataset. This dataset is distinct from the training dataset and is
used to assess the model’s generalization ability, i.e., its
capability to predict accurately on unseen data. The
comparison results are illustrated in Fig. 13. In this figure, the
points located above and below the diagonal line respectively
instances where the model and

signify overpredicts

underpredicts the pressure values. The ideal model would

Predicted Pressure (m)

0 1 2
True Pressure (m)

produce points that align perfectly with the diagonal line,
indicating that predicted values are equal to the actual values.
Further insight into the model’s performance is provided in Fig.
14, where the error margin for the majority of the data points
tested on the validation dataset is shown to be zero or close to
zero. This indicates that the model has a high degree of
accuracy, as a low error margin signifies that the model’s
predictions are very close to the actual values.

In addition to the graphical representation, we also
computed quantitative evidence to support the model’s
performance. The Mean Absolute Percentage Error (MAPE)

3 4 5

Fig. 13 Comparison of true vs predicted values for validation dataset for pressure.
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Fig. 14 Histogram for prediction error for Pressure Vahdatlon data set.

was calculated for the validation dataset and found to be
6.83%. MAPE is a measure that expresses prediction errors as
a percentage of the actual values, providing a scale-
independent measure of prediction accuracy. A lower MAPE
value signifies better model performance. Furthermore, it was
observed that 87.15% of the predictions for the validation
dataset had an error within £10%. This high percentage
suggests that the majority of the model’s predictions are within
a reasonable error margin, reinforcing the model’s strong
predictive performance.

5.2 Pressure Correlation
Correlation to predict pressure P (pascals) was found to be:
P = —25818.86 — 693.3d + 1331.25w + 12448.2v

+ 11992.6b — 309.6d? + 58.43dw

+ 1140.37dv — 125.89db — 103.41w?

— 63.15wv — 520.31wb — 1132.37v2

+ 259.81vb — 1214.19h2
where, d is the relative diffuser vane angle (o) in degrees, w
is the impeller wrap angle a4y in degrees, v is the number of
diffuser vanes (Z,), and b is the number of impeller blades (Z)).

Our analysis revealed a significant correlation between
pressure head and the selected predictor variables. To better
understand the relationship between the true pressure and
predicted pressure, we present Fig. 15, which visually
compares these two variables. The graphical representation in
Fig. 15 demonstrates a strong positive linear relationship,
indicating that our model accurately predicts pressure head
based on the selected predictor variables.
To quantitatively assess the strength and direction of the

correlation, we calculated Pearson’s correlation coefficient (r).

© Engineered Science Publisher LLC 2024

Our analysis yielded an r-value of 0.94, suggesting a strong
positive correlation between true pressure and predicted
pressure. This high correlation coefficient implies that our
model is highly effective in predicting pressure head with a
minimal degree of error. The close proximity of the r-value to
1 indicates that our model accounts for a significant proportion
of the variance in pressure head, further validating its accuracy
and reliability in this context.

5.3 Relative velocity angle prediction

Figure 16 provides a graphical comparison between the
predicted relative velocity angle and the true relative velocity
angle. The majority of the points lie along the diagonal line,
which suggests a satisfactory level of accuracy in our model’s
predictions. The diagonal alignment signifies that the
predicted values are, for the most part, equal to the true values.
This strong alignment is indicative of the model’s high
predictive accuracy.

Figure 17 further validates the efficacy of our model by
evaluating prediction errors via a histogram. The majority of
prediction counts are centred around 0, which indicates a
minimal deviation between the predicted and true values. This
distribution of prediction errors also underscores the model’s
high accuracy and ability to consistently produce reliable
results.

Quantitatively, the mean absolute error (MAE) of the
validation dataset is only 0.025%, which is exceedingly low.
This minimal error rate attests to the model’s excellent
performance and predictive precision. Furthermore, 100% of
the validation dataset had an error within = 5%, which once
again affirms the model’s reliability and accuracy.

Eng. Sci., 2024, 30, 1150 | 13
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Fig. 15 Comparison of true pressure values vs the values predicted by correlation.

5.4 Relative velocity angle correlation

Correlation to find relative velocity angle (7) was found to be:

r = —89.96 + 0.28d + 0.13w — 0.09b + 0.08db — 0.02v?
+ 0.49vb — 0.44b?

Our analysis reveals a strong and significant correlation
between the relative velocity angle and the predicted velocity
angle. The Pearson correlation coefficient, a measure of the
linear correlation between these two variables, was found to
be 0.90, indicating a robust positive relationship.

As depicted in Fig. 18, there is a close alignment between
the relative and predicted velocity angles. This close

-84

& & &
N & &

Predicted Rel. Velocity Angle (deg.)
®
]

-90 -89 -&8

association suggests that our predictor variables are effectively
capturing the dynamics that drive the relative velocity angle.

5.5 Optimal case

To find out whether the application of machine learning in the
centrifugal pump gives a successful result, three points
(configurations) from Fig. 15 with pressure drops of 2 m, 3 m
and 4.5 m were selected and analyses were carried out to
obtain the pressure head and performance curve for these
points. The geometric properties for these points are presented
in the Table 5. It can be seen from Fig. 19 that the pump

-84

—&7 —86 -85

True Rel. Velocity Angle (deg.)

Fig. 16 Comparison of true vs predicted values for validation dataset for relative velocity angle.
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Therefore, it can be concluded that configuration 3 is one of
-84 — True Rel. Velocity Angle (deg.) the optimal geometries that is achieved via the machine
—— Predicted Rel. Velocity Angle using correlation (deg.) learning analysis
-85
o Table 5. Geometric properties of selected geometries from
[
z a6 machine learning.
%n Rel. Diff.  Imp. Number  Number
< Angle Wrap of of
% ~87 (deg.) Angle Diffuser  Impeller
% (deg.) Vanes Vanes
= -88 Point 1 7.5 10 9 6
= Point 2 25 5 9 4
T _go Point 3 5 75 9 5
o
Type 3 (original 0 0 9 5
eometr
%0 g y)
g 100 200 300 00 00 A qualitative evaluation was also conducted for the original
Data point geometry Type 3 and the optimal geometry configuration 3 as

Fig. 18 Comparison of true relative velocity angle values vs the

values predicted by correlation.

geometry selected as configuration 3 provided a higher-
pressure head and better performance compared to the original

geometry and other geometries at both low and high flow rates.

While the flow rate decreases very sharply with the increase
in mass flow rate in the original and other geometries, there is
a slower decrease for configuration 3. This can be clearly
observed from the performance curve. So much so that, while
it reaches maximum power very early in the original and other
geometries, the power increase continues for configuration 3.

© Engineered Science Publisher LLC 2024

shown in Fig. 20. For the original geometry, the pressure
gradually increased in the impeller and reached a maximum
value at the impeller outlet. It was observed that a kind of
maximum pressure region was formed between the impeller
and the diffuser, but the pressure in the diffuser region did not
increase further and even decreased and moved towards the
volute region. On the other hand, in the optimal geometry, the
pressure increases in both the impeller and the diffuser regions
passing into the volute region.

As far as velocities are concerned, it is observed that the
original geometry contained low-speed regions, extending
from the pressure side of one impeller blade towards the

Eng. Sci., 2024, 30, 1150 | 15
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suction side of the other blade. However, for the optimal
geometry, the low velocity regions have a much smaller area.
Especially with the low wrap angle, the passage area becomes
larger and the flow easily continues to the diffuser.
Furthermore, despite having the same number of diffuser
vanes, there are significant differences in the diffuser passages
of the original and optimal geometries. Since the diffuser
passages in the original geometry are narrower, formations
containing the correct jet-wake mixture are formed which then
move into the volute. In the diffuser passages of optimal
geometry, the flow is observed to be more homogeneous.
Finally, turbulence intensity contours for two geometries are
also reported in Fig. 20. In parallel with the jet-wake flow
structure formed in the diffusers of the original geometry,
significant turbulence occurred in these regions and reached
levels of up to 30%. However, for the optimal geometry, it was
observed that the turbulence was much lower in both the
impeller and diffuser regions.

6. Conclusions

In this research, we have implemented a comprehensive
approach to optimize centrifugal pump design and
performance, leveraging numerical simulations, Exploratory
Data Analysis (EDA), advanced machine learning models, and
correlation analysis. Through extensive numerical simulations
involving 693 distinct combinations of critical design
parameters - the relative diffuser vane angle aqy, number of
diffuser vanes Z;, number of impeller blades Z;, and the
impeller wrap angle ooy - Wwe have obtained a rich dataset.
This data provided insight into the complex interplay between
these parameters and their impact on centrifugal pump
performance, specifically pressure head and relative velocity
angle. Subsequent EDA of the simulation data further
illuminated the relationships and patterns within this data,
leading to a more profound understanding of the pump’s
operational behaviour. This robust analytical approach
enabled the extraction of meaningful insights from the data,
thus paving the way for more accurate predictive modelling.
Our work has also demonstrated the efficacy of advanced
machine learning models in predicting critical aspects of pump
performance. The deep learning model developed for this
study, trained on data generated from numerical simulations,
successfully predicted pressure head and relative velocity
angle. This achievement highlights the potential of machine
learning in supplementing traditional design methodologies in
turbomachinery, providing a pathway for more informed, data-
driven decision-making in centrifugal pump design.

The correlation analysis presented in this study revealed
significant relationships between pressure head and relative
velocity angle, providing valuable insights for future
centrifugal pump engineering efforts. By identifying and
quantifying these correlations, we have introduced a new
dimension to understanding the underlying physics of
centrifugal pump operation.

© Engineered Science Publisher LLC 2024

In conclusion, the nexus of machine learning and
numerical simulations, as demonstrated in this research, offers
a potent tool for optimizing centrifugal pump performance as
was reported in section 5.5 where the optimised configuration
performed far superior than the baseline configuration. Future
work can further refine the deep learning model with
additional data and explore other machine learning techniques.
The integration of these technological advancements in the
centrifugal pump design process holds the promise of
significant improvements in efficiency, reliability, and energy
consumption, making a substantial contribution to the broader
field of turbomachinery. For future analysis, it is
recommended to focus on other design parameters such as, the
impeller diameter, the inlet and outlet diameters of the diffuser
vanes and the volute shape as new design parameters.
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