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Wear prediction is important in designing reliable machinery
for slurry industry. It usually relies on multi-phase computa-

*Corresponding author: anhtran@sandia.gov, also affiliated with GIW
Industries, Inc.

tional fluid dynamics, which is accurate but computationally
expensive. Each run of the simulations can take hours or days
even on a high-performance computing platform. The high
computational cost prohibits a large number of simulations
in the process of design optimization. In contrast to physics-
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based simulations, data-driven approaches such as machine
learning are capable of providing accurate wear predictions
at a small fraction of computational costs, if the models are
trained properly. In this paper, a recently developed WearGP
framework [[1] is extended to predict the global wear quanti-
ties of interest by constructing Gaussian process surrogates.
The effects of different operating conditions are investigated.
The advantages of the WearGP framework are demonstrated
by its high accuracy and low computational cost in predicting
wear rates.

Nomenclature

BO Bayesian optimization

CFD computational fluid dynamics

DL deep learning

GP Gaussian process

HPC high-performance computer/computing
ML machine learning

NN neural networks

UQ uncertainty quantification

Qol(s) quantity/quantities of interests

1 Introduction

Accurate wear predictions and estimation of total cost
of ownership for centrifugal pumps are critical for the slurry
industry [2]. Pump failures can occur due to wears in vari-
ous components, such as impellers, casings, and liners. Un-
planned shutdowns in customers’ production lines caused
by component failures can be extremely expensive. To im-
prove the quality, multi-phase computational fluid dynamics
(CFD) is typically applied to predict slurry erosion of differ-
ent pump components during design, for example, pump im-
peller [3]] and pump casing [4,5] degradation. However, CFD
simulations are computationally expensive. Repetitively run-
ning simulations during design optimization is not afford-
able under the time constraint of product development. In-
stead of relying on physics-based simulations, utilizing data-
driven models such as machine learning (ML) techniques for
wear prediction can significantly reduce the computational
cost while maintaining prediction accuracy, if the models
are trained properly. Its low computational cost also allows
one to efficiently explore the high-dimensional design space,
if the ML models are sufficiently calibrated. Recently, a
WearGP framework [1]] was developed to predict wear rates
based on Gaussian process surrogate models. In this paper,
the framework is extended to predict the global quantities of
interests (Qols). The Qols under different pump operating
conditions are explored.

ML approaches for simulation predictions recently at-
tracted much research attention. Black-box or data-driven
approaches such as neural networks (NNs) and deep learn-
ing (DL) are among the most popular techniques used for
predicting simulation outcome. For example, Chang et al.
[6] proposed a DL-based slip model constraining momen-
tum and internal energy equations to simulate a boiling wa-
ter reactor channel ranging from subcool liquid to a boil-

ing flow. Zhu et al. [7] proposed a convolutional encoder-
decoder framework to incorporate the governing equations
of the physical models into the loss function, and trained the
DL architecture without computing the solution of the par-
tial differential equations, which can be considered as a sig-
nificant advance, because one of the most considerable bot-
tlenecks in training DL models to attain high accuracy is the
need for a large amount of data, which is a resource-intensive
process. As a gray-box approach, Liu and Wang [8] de-
veloped a multi-fidelity physics-constrained neural network
architecture, which can be trained based on only a small
amount of simulation data, to predict solutions of partial dif-
ferential equations. Xiao et al. [9, 10, 11], 12] proposed a
data-driven approach to predict the discrepancy of Reynolds-
stress tensors based on direct numerical simulation datasets
and correct the Reynolds-average Navier-Stokes predictions.
Regarding wear and tribological applications, Friedrich et
al. [13,[14] and Suresh et al. [15] employed NNs to predict
experimental wear for polymers. Danaher et al. [[16] also uti-
lized NN to predict erosion wear in Ni-base alloys at high
temperature. Shamshirband et al. [17] developed a NN ar-
chitecture to predict erosion wear in a 90° elbow, trained by
CFD simulations, where the Qols (total erosion and maxi-
mum erosion rate) are global variables. Pandya et al. [18]
employed NNs to predict erosion wear using ANSYS Flu-
ent as a training CFD model. Different from the above, Qu
and Zuo [19] utilized support vector machines as a classifi-
cation tool to determine the degree of wear for slurry pump
impellers. Dai et al. [20] employed a Gaussian process (GP)
framework to quantify uncertainty in predicting erosive wear
after mining data.

In our previous work, a GP-based machine learning
framework, called WearGP [1], is developed to predict CFD
wear results locally given mesh and wear datasets. Our ap-
proach has demonstrated the efficiency of GP in small data
regime, where there is insufficient data to train a deep learn-
ing model (only 144 simulations are used as the training
dataset). In this paper, the WearGP framework is extended
to predict the wear rates as global Qols for pump impellers
and casings, and explore the high-dimensional input space
using the calibrated WearGP framework. Our approach is
similar to Dai et al. [20] in the sense that both utilize GP
as a ML-based prediction, where the objectives are similar to
Shamshirband et al. [[17] and Pandya [[18] in terms of predict-
ing wear as global Qols. However, compared to all previous
works, we demonstrate that our approach is highly accurate
(R* > 0.99) as a ML-based wear prediction model.

2 Methodology

In this section, we describe the WearGP methodology,
its validation against CFD results in a 3D impeller wear
model [3] and a 3D casing wear model [4, 21], which are
our previous works. A brief description is provided for the
sake of completeness. An Eulerian-Eulerian framework is
utilized, and the continuity and momentum equations of the
mixture and different solids species are derived using vol-
ume and time averaged governing equations. The Spalart-



Allmaras turbulence model [22] and Spalding wall func-
tions are employed, and the set of nonlinear governing equa-
tions in the finite element problem are solved iteratively by
Newton’s method with tuned under-relaxation factors until
a given residual level is achieved. The SUPG (Streamwise
Upwind Petrov Galerkin) finite element formulation is used,
where all systems of algebraic equations are solved using
Intel PARDISO solver, which is a OpenMP-based shared
memory parallel linear solver. Based on the CFD solutions,
the constitutive model for wear prediction is then utilized to
predict the total wear as a function of concentration, den-
sity, velocity magnitude, tangential velocity, shear stress, im-
pingement angle, and the particle size. The constitutive wear
model is calibrated for white iron alloys, which are the most
pervasive metal used in slurry pumps [23]. The numerical
wear prediction is computed from the CFD solutions and the
constitutive model for wear depending on the pump mate-
rials. The total wear is considered to be a highly nonlin-
ear function of fluid and solids density, velocity magnitude,
tangential velocity, shear stress, solids impingement angle,
solids concentration, and the particle size distribution.

2.1 Gaussian process

We adopt the notation from Shahriari et al. [24] and our
previous works [25,26,27] for the sake of consistency. As-
sume that f is an unknown smooth function of x, where the
d-dimensional input is represented as x € X, where X is
the input space. A GP(up,k) with the prior mean function
to(x) : X — R and a positive-definite kernel, or covariance
function k : X X X — R is a nonparametric model over func-
tions f. In the GP formulation, we also assume that f = fi.,
is jointly Gaussian, and the observation y is Gaussian given
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fIX ~N(m, K) ()
YIf.0% ~ N(f, o°I) )

where m; := u(x;), and K; j := k(x;, xj). The prior distribu-
tion induced by the GP is described in Equation [I|.

The covariance kernel k describes the general behavior
of the unknown function f. Stationary kernels, which are
shift invariant, are typically used. One of the most common
kernels is the squared exponential kernel, which is a special
case of a Matérn kernel as v — oo. This kernel can be de-
scribed mathematically as

2
K ;= k({xs5;) = G%exp <_E> , 3)

where > = (x —x')['(x —x'), and T is a diagonal matrix of
d squared length scale 6;. The hyper-parameters 0 of the
GP are determined by maximizing the likelihood function,

where the log marginal likelihood is described as

1
logp(y|x1:n,0) = —= (v —mg ) (K + 1) ™" (y — mo) -

1
- Elog IK® + 02| - glog(Zn),

where mg(x) denotes the global trend of the GP, and 6° is
the intrinsic variance of observations. Hooke and Jeeves’s
method [28], which is a derivative-free direct search method,
is used to maximize the likelihood function. As Equation 4
involves computing the inverse of the covariance matrix of
size n X n where n is the number of training data points, the
algorithmic complexity of the training procedure for GP is
o(n?).

The posterior Gaussian distribution, given the prior in
Equation [T}, can be fully characterized by the posterior mean
and posterior variance functions, respectively, as

t(x) = po(x) + k(x)T (K +0T) ' (y—m), (5
and
G, = k(x, x) —k(x)" (K+0°1)'k(x), ©)

Here, k(x) is the covariance vector between the test point x
and the training data points x;.,. Compared to other ML ap-
proaches, Guassian processes suffer from a scalability issue,
but perform well in a small data regime, unlike most ML ap-
proaches. GP formulation also enables UQ for prediction,
which is rare to see in ML methods. This means that results
are described with error margins, which is highly desirable
for wear modeling.

2.2 WearGP framework

Figure [I] compares the process of creating wear
predictions between a conventional CFD approach
and a machine learning approach. The inputs
x = (Xsolidss Xliquidss X¥BCs> Xmaterials) are parameterized
into several categories to model wear as a result of complex
interactions between the carrier fluid, the solids/particles,
and the pump materials. Xgojigs represents solids particle
properties, including particle size distribution, concentration
by volume, hardness, sphericity, and shape factor. Xjiquids
represents the carrier fluid properties, including density,
viscosity, and temperature. Xxpcs represents the boundary
conditions of the CFD simulations, which is an indirect
result of the operating conditions. For example, the inlet
velocity is a function of head and flow rate of the pump.
Xmaterials describes the constitutive wear behavior of the
pump materials under different conditions, such as local
solids concentration, solids impact angle, solids velocity,
wall shear stress, and velocity and pressure fields.

Wear response of the pump components, denoted as W,
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Fig. 1: Comparison of conventional and machine learning approaches for wear prediction.
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The conventional workflow in Figure [1d can be
considered as a directed graph, where the inputs
(Xsolids; Xfluid, XBCs; Xmaterials) are the sources and the
wear prediction output is the sink. The WearGP framework
shortcuts the conventional CFD approach in wear prediction
by constructing a black-box function directly from the inputs
to the output (Figure [1b)), assuming that there is sufficient
data. The wear dataset can be conveniently generated using
a high-performance computing (HPC) platform by sampling
CFD simulations with different input parameters.
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Fig. 2: Workflow of WearGP framework for a specific pump
component to predict global wear Qols.

Figure 2 presents the overall WearGP workflow as a su-
pervised machine learning approach to predict the wear as
global Qols. A wear dataset is generated, then split into the
training and testing datasets. For each global wear Qol, a
GP is constructed based on the training dataset. Next, the
WearGP prediction is compared against the CFD wear pre-

diction for validation purposes.

3 Validation of the WearGP framework

We use a single pump assembly, which is GIW pump
impeller 0509X LSA-36 5525D 7671D-Al, as a case study
to demonstrate the applicability of the WearGP framework
to predict wear as global Qols. In this case study, 144 sim-
ulations are used as a training dataset, whereas 40 simu-
lations are used as a testing dataset. The training dataset,
including 144 training data points, are sampled from head
H € {35, 50, 65} m, percentage of best efficient point flow
rate %BEPQ € {0.70, 1.00, 1.30}, median particle size
dso € {150, 300, 450} um, and concentration by volume
C, € {0.10, 0.20, 0.30, 0.40}. The corresponding flow rate
Q is then solved for using an in-house program, given these
operating conditions. The testing dataset includes 40 data
points, where each point corresponds to uniformly random
operating conditions between the lower and upper bounds of

- the training dataset. Interested readers are referred to our

previous work for the full description of training and testing
datasets (Tables 1 and 2 in [[I]). The set of operating condi-
tions {H, Q, dsp, C,} constitutes the input for the WearGP
framework, where the wear rates W’s are considered its out-
puts.

It is important to point out that the WearGP approach

: is capable of producing the whole CFD solutions, i.e. the

nodal CFD wear predictions. However, as the number of
trained GPs must equal to the number of nodes, the train-
ing time increases significantly. To demonstrate the capa-
bility of the WearGP framework, the CFD solutions, where
detailed descriptions are summarized in Section 2 and previ-
ous works [3,4,21]], are compared against the ML predictions
by the WearGP approach. In Section B.1], the CFD solutions
are compared with the local WearGP predictions, whereas in
Section 3.2}, the CFD solutions are compared with the global

WearGP predictions.

3.1 Validation of WearGP framework on local wear
Qols

In this section, we show some results from our previ-

ous work [1] to demonstrate that the WearGP framework is

capable of predicting wear as local wear Qols for both our



impeller and casing wear models.

Figure [3] shows the comparison between CFD wear re-
sults and the WearGP results for the 3D impeller wear model
on the impeller shroud, hub, pressure, and suction surfaces,
respectively, where excellent comparison is observed. Fig-
ure f shows the comparison between the CFD and WearGP
wear predictions for the 3D casing wear model, where sim-
ilar wear patterns are observed. The wear predictions agree
very well, both qualitatively and quantitatively, in predicting
wear hot spot near the tongue of the pump casing.

3.2 Validation of WearGP framework on global wear
Qols

In this section, the WearGP framework is utilized to pre-
dict the global wear Qols. For the 3D impeller model, the
global wear Qols are the average and the maximum wear
rate on four different surfaces of the impeller: shroud, hub,
pressure and suction sides of the impeller vane. For the 3D
casing model, the global wear Qols are the average and the
maximum wear rate in the mid-plane of the pump casing.

Figure 54 to Figure 5d show the correlation and quan-
titative comparison between the CFD wear results and the
WearGP prediction on shroud and hub surfaces for both av-
erage and max wear Qols. The correlation is slightly stronger
for average wear Qols compared to max wear Qols. Partic-
ularly, for shroud surface, R? correlation coefficient is only
0.9324 for the max wear Qol, but increases to 0.9990 for av-
erage wear Qol, possibly due to the sensitivity of the max
wear Qol in the CFD simulation.

Figure 5¢| to Figure 5hl show the correlation and quan-
titative comparison between the CFD wear results and the
WearGP prediction on pressure and suction sides of the im-
peller vane. For the pressure side of the vane, a smaller wear
rate is observed, and the prediction error is higher, compared
to the suction of the vane. The average wear Qol did not
increase the prediction accuracy on the pressure side of the
vane, possibly due to the small wear rate. On the suction
side, the CFD wear results and the WearGP results agree very
well with R* > 0.99.

Figure 51 shows the correlation and quantitative com-
parison of the average wear Qol along the impeller vane, on
both the pressure and suction sides, with R? > 0.99. Because
this Qol is one of the most influential factors to predict the
remaining life of an impeller in industrial settings, it will be
used as a representative Qol to study the effects of operating
conditions on the impeller wear rate.

Figure 6a and Figure [6b show the correlation and quan-
titative comparisons between the CFD wear results and the
WearGP prediction on the mid-plane of the pump casing
(z=0), in terms of both average and max wear Qols. Typ-
ically, there are two places for the pump casing to reach its
maximum wear rate. The first place is the tongue of the cas-
ing, because this location experiences the maximum impact
wear. The second place is the 6 o’clock location of the pump
casing, because this location is exposed to the maximum slid-
ing wear since the solids particles attain their maximum ve-
locity due to centrifugal force. The maximum wear Qol is
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Fig. 3: Comparison of 3D impeller CFD and WearGP pre-
dictions in test case #5.
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Fig. 4: Comparison of 3D casing CFD and WearGP predic-
tions in test case #5.

captured with R? ~ 0.98, whereas the average wear Qol is
captured with R? > 0.99, indicating that the WearGP frame-
work is highly predictive.

To quantify the uncertainty associated with the GP pre-
diction, the error bar of one standard deviation (i.e. u= 1.00)
is provided in Figures 5 and . As expected, the maximum
wear rates are associated with more noise compared to the
average wear rates on all surfaces of the impeller, as well as
the casing. The error bars are relatively large because only a
small amount of data is used to train the WearGP model. It
is expected that the error bar would reduce as the amount of
training data increases. The posterior mean is however fairly
accurate with R > 0.95 when the WearGP prediction results
are compared with the CFD results.

4 Effects of operating conditions on wear performance

In Section 3, we have demonstrated that the WearGP
framework is capable of predicting wear Qols accurately
with R? > 0.99 for most Qols. In this section, we use the
calibrated WearGP to explore the effects of varying the op-
erating conditions {H, Q, dso, C,} by interpolation. The
average wear Qol of the pressure and suction sides in Fig-
ure Bi is used for the 3D impeller wear model, and and the
average wear Qol in the mid-plane in Figure [6a is used for
the 3D casing wear model. It is noteworthy to point out that
both of these Qols have been calibrated with high accuracy
(R* > 0.99), demonstrating that the WearGP framework is
reliable.

4.1 3D impeller

Figure [7d and Figure [7b show the behavior of the aver-
age wear Qols from the 3D impeller wear model in Figure [51
at fixed {H, Q} and fixed {dso, C,}, respectively.

In Figure [7d, the parameters are set as dsp = 300um
and C, = 0.20, where the head and flow rate vary in H €
[35, 65]m, Q € [6000, 12000] GPM. In Figure (78, the pa-
rameters are set as H = 50m and Q = 10,000 GPM, where
the median particle size and concentration vary as dsg €
[150, 600]um, C, € [0.10, 0.40].
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Fig. 5: Validation of WearGP on global wear Qols on im-
peller shroud, hub, pressure and suction surfaces, and aver-
age wear on both surfaces along the impeller vane.
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In Figure [7d, the average wear Qol is a non-linear func-
tion of H and Q, where multiple local minima are observed.
This implies that for a fixed flow rate Q, there might be an
optimal H corresponding to the optimal wear rate W. The av-
erage wear rate Qol generally increases with respect to both
increasing Q and increasing H, even though the behavior in
H is more complicated. However, the flow rate Q seems to
have a dominant effect on the increase of the wear rate Qol,
compared to the effect of the head H. In Figure [7b, the av-
erage wear rate Qol is a monotonic function of both C, and
dsp. An increase in either dso and C, lead to an increase in
the average wear rate Qol. The effect of dsq is more severe at
high concentration C, (e.g. C, = 0.40), compared to at low
concentration C, (e.g. C, = 0.10). For fine-grain particle size
distribution (ds5p &~ 150um), a significant increase in concen-
tration by volume C, does not dramatically increase the wear
rate. The combination effect of dsy and C,, is severe in terms
of wear rate.

4.2 3D casing

Figure 84 and Figure [8b shows the behaviors of the av-
erage wear Qol from the 3D casing wear model in Figure 64
at fixed {H,Q} and fixed {dso,C, }, respectively.

In Figure 84, the parameters are set as dsp = 300um and
C, = 0.20, where the head and flow rate vary as H € [35, 65]
m, Q € [6000, 12000] GPM. In Figure 8b, the parameters are
set as H = 50 m and Q = 10,000 GPM, where the median
particle size and concentration vary as dsp € [150, 600]um,
C, €[0.10, 0.40].

In Figure 84, the average wear Qol is a non-linear func-
tion of H and Q. At very low head, the average wear rate
Qol also increases. In the 3D casing wear model, the aver-
age wear rate Qol increases with respect to both increasing
Q and increasing H, but is dominated by the head H more
than the flow rate Q, whereas Q dominated more than H in
the 3D impeller wear model. In Figure 8b), the average wear
rate Qol is a monotonic function of both C, and dsg, similar
to the 3D impeller wear model.

An increase in either dsg or C, leads to an increase in
the average wear rate Qol. The effect of ds( is more severe
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Fig. 7: Effects of operating conditions on 3D impeller wear

at high concentrations (e.g. C, = 0.40), compared to low
concentrations (e.g. C, = 0.10). For fine-grain particle size
distributions (dso ~ 150um), a significant increase in concen-
tration by volume C, does not dramatically increase the wear
rate. The combined effect of {dso, C,} is severe in terms
of the wear rate. In the 3D casing wear model, the median
particle size dsq has a greater effect on the average wear rate
Qol (Figure [8b)) than it does in the 3D impeller wear model
(Figure [75).

For the 3D impeller CFD wear models, the maximum
wear rate and its corresponding location often vary with re-
spect to operating conditions. In some cases, the model
has been shown to be predictive for pump cavitation, which
creates collapsing bubbles that is locally detrimental to the
pump impeller. The local wear results by the 3D impeller
CFD wear model provide such computational insights for
relevant personnels, where the WearGP further enhances its
capability into real-time predictions. For the 3D casing CFD
wear models, the maximum wear rate location often occurs
either at 6 o’clock location or at the pump casing tongue,



where the former location corresponds the maximum sliding
wear rate and the later location corresponds to the maximum
impact wear rate. The computational results provided by the
3D casing CFD wear model match qualitatively and quantita-
tively engineering intuition. It is possible that the interaction
between particles scales as O(n?), where n is the number of
particles, and this effect has a more severe implication when
the particles are substantially large.

W(H, Q) at dso = 300um and C, = 0.20

10000
180
8000 160

140

Q(gpm) Hf)

(a) Effects of H and Q on wear.
W(d,r,o, C,) at H = 50m and @ = 10,000gpm
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400
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(b) Effects of dqg and C,,.

Fig. 8: Effects of operating conditions on 3D casing wear

5 Discussion

In this paper, we employed a Gaussian process surrogate
model to predict the wear rates of pump impellers and cas-
ings as global Qols, where the inputs are the operating condi-
tions. There are several important advantages of GP model-
ing, compared to other machine learning methods. First, GP
is very competitive for small data regimes, and it has been
shown that GP behaves similarly to a single layer of neural

network with infinite nodes [29,30]. Second, GP is one of
the few ML techniques that enables UQ for prediction. The
UQ feature is particularly useful for engineering reliability
purposes. Last but not least, GP can also be used as an active
learning approach for design optimization, which makes it
applicable for impeller and casing design problems. For ex-
ample, a mixed-integer Bayesian optimization (BO) method
[31] can be deployed to optimize the impeller design, where
the number of vanes is a discrete parameter. Furthermore, the
parallel BO extension can be deployed on a HPC platform to
derive the optimal design in a far shorter time [32,33], and a
multi-objective BO framework [34] could be utilized to opti-
mize multi-objectives, such as hydraulic efficiency and wear
rates. A multi-fidelity BO framework [35,36] can be utilized
to couple computational and experimental wear data.

It was previously known that an increase in dsg would
increase the wear rate. The effects of the particle size dis-
tribution have been studied [37], where the effective particle
size diameter, deff, is determined to be degf = 1.65dsg, where
dsq is the median particle diameter in the particle size dis-
tribution. However, in this paper, we show for the first time
that the effects of concentration by volume C, and the parti-
cle size distribution dsy are non-linear, in the sense that the
combined effects yield much higher wear rates than the sum
of each individual factor.

While the effects of C, and dso are similar in both 3D
impeller and 3D casing wear models, the effects of the head
H and volumetric flow rate Q are quantitatively different. In
the 3D impeller wear model, the flow rate O seems to be
dominant, whereas in the 3D casing wear model, the head H
seems to play a larger role in wear increase.

In this case study, only one casing and one impeller are
considered. However, in practice, as the impeller and casing
designs vary, it may be important to generalize the WearGP
framework such that pump design features can be included
in the wear rate prediction. Such an inclusive ML approach
may enable design engineers to search for the optimal design
subject to the known pump operating conditions, through
minimizing the overall wear rate by tuning the design pa-
rameters.

The usage of Spalart-Allmaras, which is a one-equation
turbulence model, for pumps is not uncommon; for exam-
ple, Baoling [38] utilized the Spalart-Allmaras turbulence to
model low-specific-speed centrifugal impellers and pointed
out the advantage of using the one-equation turblence model
to simulate the flow field in impellers channels: compared to
two-equation model, Spalart-Allmaras is more numerically
stable and requires less amount of computation, while com-
pared to zero-equation model, the turbulent eddy viscosity
field is always continuous [38]. Mao et al. [39] also com-
pared various turbulence models and concluded that SST
seems superior compared to k —€, RNG k—¢, and k — .
However, we acknowledge the limitations of the Spalart-
Allmaras turbulence model for centrifugal pumps, and the
issue would be addressed in future work. Even though the
choice of turbulence models is relatively comparable, ul-
timately they also contain numerical approximation errors,
and thus do not always capture experimental measurements.



To this end, numerous studies have been performed to cap-
ture model-form uncertainties for RANS with different tur-
bulence models, including [40] and [41]. The Spalding wall
function is used as a boundary condition to provide a tur-
bulent kinematic viscosity condition that gives a continuous
profile to the wall (y* = 0), in order to match both the vis-
cous and inertial sublayers.

It is noteworthy to point out that the UQ enabled by GP
in this study is not accounted for the CFD UQ, which is an
active research area in the CFD community. Of particular
interests is the model-form UQ for different turbulence mod-
els and RANS simulations. It is also important to note that
only a few ML frameworks can afford data-driven UQ fea-
ture, where GP is one of those. In this study, the UQ feature
of the proposed WearGP framework is highlighted for both
CFD impeller and casing wear models in centrifugal slurry
pumps.

From a data analytic point of view, linear and non-linear
dimension reduction methods, for example, active subspace
[42] and variational auto-encoder [43], have been utilized to
reduce the dimensionality of inputs. From a hydraulic en-
gineering point of view, the operating conditions of a pump
are solely determined by the intersection of the system curve
and the pump curve. Thus, the head H and the flow rate Q are
chosen on this basis for a fixed pump. A comparison study
has been conducted in [[1], where the basis of (H,Q,dso,C,)
is shown to outperform another choice.

The training time for WearGP for global Qols is compu-
tationally cheap, i.e. less than 1s with no parallelization, not
including the amount of time used to generate the training
and testing datasets. The testing time for the CFD approach
is 1,061,203 s [[1]], whereas the WearGP approach for global
Qols is around 200 ms. The speedup factor is estimated
roughly about 0.5 - 10x, which is a significant improvement
for using UQ/ML approaches.

Indeed, one of the advantages of the proposed WearGP
framework is the fusion between experimental and compu-
tational data. Typically, comparison between computational
and experimental data is often performed to draw conclusion
and determine which model is best in terms of predictive ca-
pability. Yet, there is a lack of research effort in fusing ex-
perimental and computational data together, which can easily
outperforms computational predictions alone, if the objective
is to reproduce experimental data. Thus, even the best com-
putational model is inferior to any data-driven approach that
considers both types of data. One possible way is to em-
ploy a multi-fidelity framework and consider computational
data as low-fidelity and experimental data as high-fidelity.
By exploiting the correlation between low- and high-fidelity
data [35,[36], a better prediction resembling experiments can
be achieved. This direction is currently active and remains
as further research. The WearGP framework is demonstrated
using 3D CFD casing and 3D CFD impeller model for one
pump with various operation conditions. Since the case of
pump geometry is randomly selected, we expected that the
proposed WearGP framework would hold for other similar
pump geometries, even with different sizes. For interested
readers, numerical verification and experimental validation

studies can be found in our previous studies [1], 3,4, 21].

Compared to our previous work [2] where one-factor-
at-a-time approach was employed, the WearGP framework
is much more efficient in capturing the nonlinear behavior
of the wear rate in different components [44]. The nonlinear
behavior is particularly severe with the particles, as the wear
is sensitive to the combination of the concentration by vol-
ume and the median particle diameter. It is well-known that
the characterization of particles is a challenging and sophisti-
cated problem, as the particles are many different sizes. As a
result, statistical descriptors are needed to describe a popula-
tion of particles. For non-spherical particles, roundness and
sphericity are also used to describe particles. The most com-
mon choice is the effective roundness and sphericity, which
are equivalent to the mean (i.e. first statistical moment) with
respect to the particle distribution. Uncertainty quantifica-
tion of wear, both computationally and experimentally, with
respect to the particle distribution remains an opening and
challenging topic for future research.

6 Conclusion

In this paper, we applied the WearGP framework to ac-
curately predict wear rates as global wear Qols and explored
the effects of operating conditions on the wear rate of a slurry
pump casing and impeller. The WearGP framework has been
calibrated with high confidence, where the correlation coef-
ficient R? > 0.99 for the two wear Qols in the impeller and
casing wear models. The behavior of the average wear rate
Qols are qualitatively similar for both casing and impeller
wear models. Generally, the wear rate W increases mono-
tonically with increasing head H, increasing median particle
size dsp, and increasing concentration by volume C,. More-
over, it has been shown that increasing both dsg and C, results
in a significant increase in the wear rate.
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