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Abstract
Erosion caused by water droplets is constantly in flux for practical and fundamental reasons. Due to the high accumulation of 
knowledge in this area, it is already possible to predict erosion development in practical scenarios. Therefore, the purpose of 
this study is to use machine learning models to predict the erosion action caused by the multiple impacts of water droplets on 
ductile materials. The droplets were generated by using an ultrasonically excited pulsating water jet at pressures of 20 and 30 
MPa for individual erosion time intervals from 1 to 20 s. The study was performed on two materials, i.e. AW-6060 aluminium 
alloy and AISI 304 stainless steel, to understand the role of different materials in droplet erosion. Erosion depth, width and 
volume removal were considered as responses with which to characterise the erosion evolution. The actual experimental 
response data were measured using a non-contact optical method, which was then used to train the prediction models. A 
high prediction accuracy between the predicted and observed data was obtained. With this approach, the erosion resistance 
of the material can be predicted, and, furthermore, the prediction of the progress from the incubation erosion stage to the 
terminal erosion stage can also be obtained.

Keywords Droplet erosion · Wear · Machine learning · Crater · Prediction · Pulsating water jet machining

1 Introduction

The erosive damage of various materials exposed to external 
loads in the form of falling drops is still not recognised due 
to the coexistence of fine details, including the kinematic 
properties of the drops, the mechanical properties of the 

materials, and the influence of the environment in which 
the erosion occurs. Related to these are the practical prob-
lems occurring in nuclear power plants, where the inner 
walls of the pipeline are eroded at the leading edges of the 
wind turbines and the jet engines. In addition to elucidat-
ing the basic phenomena related to the interaction of water 
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droplets with the material, another emerging problem is the 
prediction of the erosion evolution in the material. Solving 
this problem would result not only in the elimination of the 
already mentioned problems, but would also show the pos-
sibility of controlled erosion using water droplets as a tool. 
Currently, there are many devices for generating droplets; 
these devices interact with materials by means of erosion 
agents that utilise impact pressure followed by lateral out-
flow. Among the most popular are rotating discs, continuous 
water jets acting from a high standoff distance, or so-called 
ultrasound-generated pulsating water jets (PWJs). The last 
option, developed by [1] is the most flexible from the point 
of view of erosive action in terms of the volume of drops 
and their kinematic parameters. In addition, high frequencies 
make it possible to shorten experimental tests. The PWJ is a 
technological modification of a continuous water jet, which 
changes a continuous jet a discontinuous one. A PWJ can 
generate water droplets with a frequency of 20 kHz and 40 
kHz. In a short time, it utilises the impact pressures [2] to 
fatigue the material in the given incident location [3]. The 
working principle, the jet morphology and the jet interaction 
with the material can be better visualised in Fig. 1.

The scope of the research has recently expanded due to 
the need to deepen the theory of the interaction of drops 
and ductile materials. The issue of water droplet erosion is 
very well summarised in Adler's work [5] and in a review 
article [6]. For reasons of both theoretical and practical 
importance, various testing devices are used [1, 2]. At 
the same time, the accumulated knowledge also enables 
the practical use of the phenomena associated with the 

controlled impact of water droplets on the desired loca-
tion. There are known attempts to use the erosive action 
of drops in PWJ [7] technology for material modification: 
the roughening of titanium alloys [8] and surface modifica-
tion for the purpose of inducing subsurface dislocations 
[9]. Also, due to the natural temperature, this technique is 
highly suitable for use in the disintegration of thermola-
bile materials [10]. The essence of erosion is a change in 
mechanical properties over time, which subsequently leads 
to fatigue and material loss. Cumulative erosion progress 
is divided into stages namely, the incubation, accumula-
tion, attenuation and steady stages [11]. An initial or incu-
bation period is a phase during which no significant loss 
in material mass can be detected, and it is also usually 
accompanied by changes in the surface profile roughness 
parameters [12]. The affected surface may contain tilted 
grains and small depressions. In this stage, impact pressure 
prevails. When the surface is exposed to further impacts, 
a fracture in the material occurs. The breakup of exposed 
grains is caused by the lateral outflow arising after drop-
let collapse. This phase is generally acknowledged as an 
accumulation phase. This phase is similar to cumulative 
fatigue fracture, and it is called an energy accumulation 
zone [13]. The eroded surface will create a prerequisite for 
the attenuation of further impact pressure due to easier dis-
ruption of the surface tension of the drop. Such a surface 
can absorb a larger number of water droplets. Sapoval [14] 
hypothesised that it is a self-stabilising system and that it 
can be considered as a negative feedback loop based on the 
observation of coastal erosion. As a result, a steady stage 

Fig. 1  a Working principle of the ultrasonically excited pulsating water jet, b jet morphology downstream from the nozzle exit and c interaction 
of the jet with the material [4]



Archives of Civil and Mechanical Engineering (2024) 24:97 Page 3 of 19 97

occurs in which the erosion rate decreases, during which 
it can reach constant wear parameters.

Although there are details that are not recognised in this 
field, the key efforts of researchers involve the tendency 
to use the existing body of knowledge to predict the ero-
sion progress in all possible erosion stages. Some authors 
[15] analysed the erosion characteristics of the materials to 
determine the value of the relative erosion resistance of the 
material, which is the inverse value of the volume loss of the 
tested material. In another work, the surface roughness of 
the finished product was predicted using ensemble learning 
and a differential evolution algorithm while using the water 
jet polishing method [16]. In another work [17], the authors 
developed an analytical model that enables the prediction 
of the threshold velocity in the erosion of metallic materi-
als by water droplets. The essence of the model rests on the 
mechanical properties of materials and their erosion damage 
in the form of crack propagation. Several studies concentrate 
on the prediction of erosion development in the incubation 
phase [18]. This area is the most important because it deter-
mines the nature and extent of further potential damage to 
the machine components [19]. With this aim, the present 
work focusses on the prediction and classification of ero-
sion crater characteristics while utilising pulsating water 
jet machining on two different materials. The prediction is 
performed using the random forest approach, and the clas-
sification of the process parameters is performed using the 
support vector method (SVM). The details are provided in 
the following subsections.

2  Materials and methods

2.1  Materials

An austenitic stainless steel AISI 304 and the aluminium 
alloy AW-6060 were used in the experiments to predict the 
effect of erosion time and supply pressure variations on the 
magnitude of the erosion of the material. These materials 
were selected because of their wide acceptance in various 
industries due to their enhanced corrosion properties against 

humid environments. AISI 304 austenitic stainless steel has 
excellent corrosion resistance properties, which is why it is 
commonly used for the manufacturing of parts used in the 
shipbuilding, water distribution and plumbing, automotive, 
aerospace and chemical industries. Also, AW-6060 alu-
minium alloy primarily contains a considerable amount of 
magnesium and silicon, which makes it corrosion-resistant 
towards water droplets, and it is commonly used for mak-
ing parts used in the automobile, outdoor sporting, heating, 
ventilation and air conditioning (HVAC), and transporta-
tion industries. The components used for all the above-men-
tioned domains are exposed to water droplets during their 
operational time and slowly degrade after a certain period 
of time, depending on the magnitude, period and repeat-
ability of the impacts. This degradation of the parts also 
impacts the efficiency of the entire process because parts 
need to be replaced if not maintained over time. Therefore, 
an accurate estimation of the erosion time that is required to 
cause damage to the working component for a specific flow 
condition is required. The chemical and mechanical proper-
ties of both the AW-6060 aluminium alloy and the AISI 304 
stainless steel used in the current experiments are mentioned 
in Tables 1 and 2, respectively.

2.2  Methods

PWJ technology is used in the current study. The experimen-
tal technology uses a high-pressure pump with an operat-
ing pressure of up to p = 160 MPa and a volumetric flow of 
Q = 67 L/min. Pressurised tap water enters the high-pressure 
acoustic chamber, where a sonotrode, driven by piezoce-
ramics, oscillates at a frequency of 20 kHz. The titanium 
sonotrode gives additional momentum, which causes the 
generation of the standing waves in the pressurised liquid 
in the acoustic chamber. They travel through a waveguide 
in the direction of the nozzle exit. These are converted into 
a velocity fluctuation downstream from the exit [20]. This 
causes the jet to modulate and transform into a series of 
bunches of water clusters after travelling a certain distance; 
the clusters’ behaviours depend on the flow properties. The 
manipulation of the motion of the PWJ head, as desired for 

Table 1  Chemical and mechanical composition of the AW-6060 aluminium alloy

Material composition (in %)

Si Fe Cu Mn Mg Cr Zn Ti Others Al

0.45 0.20 0.10 0.10 0.5 0.05 0.15 0.10 0.15 Rest

Mechanical properties

Tensile strength
Rm (MPa)

Yield stress
Rp0.2 (MPa)

Elongation ratio A (%) Brinell hardness H (HB) Modulus of elasticity E (GPa)

195 150 8 65 68
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the experimental run, is carried out by a robotic manipulator, 
giving precise control over the movement. Before the main 
experiments, pilot experiments are carried out to optimise 
or to keep the non-investigated technological parameters at 
fixed values. Firstly, the acoustic chamber length is opti-
mised for each flow condition, i.e. for p = 20 and 30 MPa. 
It is determined by varying the acoustic chamber across its 
entire range which is lc = 0 to 25 mm. For each setting of 
the acoustic chamber length, the output ultrasonic power 
and the frequency also change. According to the manufac-
turer’s instructions, the chamber length setting for which 
the output frequency shows the lowest value along with the 
optimal power value must be selected as the optimal acoustic 
chamber length setting for the specific flow rate. A detailed 
explanation of the determination process can be found in 
the primary author's other publication [21]. Therefore, the 
determination of the optimal acoustic chamber length was 
carried out twice for p = 20 and 30 MPa. An optimal standoff 
distance of lc = 12 and 18 mm was determined for p = 20 and 
30 MPa, respectively. Once the lc is fixed, the next important 
technological parameter, i.e. standoff distance (z) needs to 
be fixed to a level which delivers a better erosion response. 
To determine the optimal standoff distance, an erosion test 

was carried out on an aluminium sample as a pilot test, in 
which the standoff distance, i.e. the distance between the 
nozzle exit and the sample, was varied from z = 1 to 51 mm. 
After the pilot test, it was observed that z = 5 and 7 mm for 
the selected pressure levels, p = 20 and 30 MPa, respectively, 
produced the deepest erosion grooves. Therefore, z = 5 and 
7 mm were selected as optimal standoff distances for p = 20 
and 30 MPa, respectively. The difference in the optimal 
standoff distance for different pressure levels is due to the 
effective interaction of the ultrasonic disturbances into the 
water flow. With larger flow rate, longer standoff distance is 
required to achieve optimal erosion. The detailed procedure 
for determining the optimal standoff distance with different 
supply pressures can be found in the primary author’s previ-
ous publication [22]. The main experiments were performed 
by varying the exposure times from t = 1 to 20 s for the sup-
ply pressures p = 20 and 30 MPa. The same experimental 
runs were carried out for the aluminium and stainless steel 
samples. Each experimental condition was repeated three 
times to keep the statistical accuracy and repeatability of the 
process. The detailed experimental conditions are shown in 
Table 3 (Fig. 2).

Table 2  Chemical and mechanical composition of the AIS 304 stainless steel

Material composition (in %)

C Mn Si S P Cr Ni Fe

0.08 2.00 1.0 0.03 0.04 19 9.5 rest

Mechanical properties

Tensile strength Rm (MPa) Yield strength Rp 0.2 (MPa) Elongation ratio A (%) Brinell hardness H (HB) Modulus of elasticity E (GPa)

560 210 45 159 193

Table 3  Experimental conditions

Run Material Supply 
Pressure
p [MPa]

Frequency
f [kHz]

Acoustic 
chamber 
length
lc [mm]

Nozzle diameter
d [mm]

Jet velocity 
vw [m/s]

Volumetric 
flow rate
Q [L/min]

Standoff 
distance
z [mm]

Exposure time t [s]

1 AW-6060 20 20.02 12 0.5 180.18 2.12 5 1–20
2
3
4 AISI 304
5
6
7 AW-6060 30 18 220.67 2.60 7
8
9
10 AISI 304
11
12
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After the experimental runs, the generated samples 
were evaluated to determine the erosion extent with regard 
to the crater depth, area and volume. Samples were meas-
ured using an InfiniteFocus optical microscope. The meas-
urement system works on the principle of Focus Varia-
tion, a surface scanning method that combines the shallow 
depth of field of the optical system with vertical scanning 
to provide topographic information from different planes 
of focus. The method uses white coaxial adjustable illu-
mination of the sample. The light rays are reflected from 
the sample surface and their reflection is recorded by a 
sensor in the optical part of the microscope. Moving the 
sensor in the z-axis changes the distance from the sur-
face to be measured and thus the planes of focus. Based 
on the change in the degree of sharpness, an elevation 
coordinate is assigned to the point. For each individual 
point, the coordinates of its position in the x, y and z axes 

are defined. The working range of the device in the x, y, 
z axes is 200; 200; 100 mm. A magnification of 10 × was 
used, where the working distance is 17.5 mm, the lateral 
measurement range in the x, y axes is 1.62 mm, the verti-
cal resolution is 100 nm. Then, the captured data were 
imported to MountainsMap analysis software to measure 
the crater depth, opening area and volume for all the gen-
erated craters, following the flow process shown in Fig. 3. 
All the evaluated data were compiled and processed to 
generate box whisker graphs representing minimum, maxi-
mum and median values to understand the effects of the 
input parameters (exposure time and supply pressure) on 
the erosion magnitude for both experimental materials, 
i.e. AISI 304 and AW-6060. Topographical studies of the 
generated craters were also carried out using Mountains-
Map 2D images under different technological conditions 
for both materials.

Fig. 2  Schematic representation of the experimental setup
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3  Machine learning models

In artificial intelligence, machine learning (ML) is a key area 
of study because it helps machines to learn from their past 
mistakes and to make more precise predictions about the 
future [23]. There are two main types of ML methods: super-
vised learning and unsupervised learning. Classification 
problems are more characteristic of unsupervised learning, 
while clustering problems are more typical of supervised 
learning. Neural networks, support vector machines, and 
decision trees are frequently used for classification, whereas 
k-means is the most popular clustering method. Many indus-
tries, including medicine, teaching, wireless sensor networks 
and even the financial sector, have effectively implemented 
ML methods. This report gives a survey of the manufac-
turing industry's adoption of ML methods. In this paper, 
two regression models, i.e. decision trees [24] and decision 
stumps [25] and three classification models, i.e. the support 
vector method (SVM) [26], Naïve Bayes and J48, were used 
to analyse the results. The details are given below.

3.1  Predictive modelling with random forest 
approach

In the realm of ML, the random forest (RF) stands as a 
prominent ensemble algorithm that holds significant sway 
due to its potent predictive capabilities. By amalgamating 
multiple decision trees (DTs), the RF achieves a remark-
able balance amid bias and variance. The schematic of 

the RF is presented in Fig. 4. Each DT is trained on a 
unique subset of the training data, and, when predictions 
are made, the outcomes from these numerous trees are 
aggregated. This ensemble approach drastically dimin-
ishes the risk of overfitting while enhancing predictive 
accuracy. Furthermore, RFs are renowned for their ver-
satility in handling diverse data types, adeptly managing 
missing values and yielding valuable feature importance 
rankings. They exhibit proficiency across both classifi-
cation and regression tasks, and their robustness against 
outliers, combined with their ability to capture intricate 
data patterns, establishes them as an indispensable tool in 
the machine learning toolbox and makes them an excel-
lent choice for research endeavours in various domains.

Fig. 3  Methodology for measurement of erosion characteristics, i.e. erosion depth, area and volume removed

Fig. 4  Architecture of random forest
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3.2  Classification with SVM models

Machine learning relies on supervised learning algorithms 
like support vector machines (SVMs) to perform clas-
sification and regression tasks. SVMs excel at tackling 
binary classification issues, which involve categorising 
data points into one of two groups. The goal of any support 
vector machine technique is to discover the optimal deci-
sion boundary, or line, between two sets of data points. For 
high-dimensional feature spaces, this border is referred to 
as a hyperplane. In more precise terms, a hyperplane in an 
n-dimensional space is defined as an (n – 1)-dimensional aff-
ine subspace. An affine subspace is a flat geometric object 
that does not necessarily pass through the origin and can 
be translated to any position in space. The goal is to create 
a clear delineation between data classes by increasing the 
margin or the space between the hyperplane and the clos-
est data points in each category. SVMs are helpful in the 
analysis of data that are too complicated to be divided by 

a linear scale. Nonlinear SVMs are mathematical tools that 
can easily locate boundaries by projecting data into higher-
dimensional space. The mechanism of the SVM method is 
shown in Fig. 5.

The primary principle underlying SVMs involves the 
mapping of the input data onto a set of features with more 
dimensions. Using this modification, a linear separation can 
be found more quickly, or the dataset can be classified more 
precisely. A kernel function is used by SVMs to carry this 
out. With the help of the kernel function, the SVM can avoid 
dealing with expensive, needless computations for extreme 
circumstances by indirectly computing the dot products 
between the altered feature vectors. SVMs are capable of 
processing, both linearly and nonlinearly, separable data. 
Different kernel functions, such as the linear kernel, poly-
nomial kernel and radial-basis function (RBF) kernel, are 
used for this purpose. Using these kernels, SVMs accu-
rately capture intricate data relationships and patterns. To 
locate the best hyperplane in a higher-dimensional space 
(the kernel space), support vector machines (SVMs) employ 
a mathematical formulation during the training phase. To 
minimise classification mistakes while maximising the sepa-
ration between data points in various classes, this hyperplane 
is critical. The nature of the given data determines which 
kernel function is the most appropriate for a given situa-
tion, and this choice can have a major effect on the SVM 
algorithm's efficiency.

4  Results and discussion

4.1  Crater depth

The effects of the exposure times and supply pressures on 
the crater depths are shown in Figs. 6 and 7. The trend shows 
a direct relationship between the crater depth and both the 
exposure time and supply pressure. The PWJ generates an 
erosion crater from t = 1 s by itself. The crater is formed 
due to the fatigue failure of the material, which is due to Fig. 5  SVM method used in this work [27]

Fig. 6  Influence of erosion time (t = 1–20 s) and supply pressure (p = 20 and 30 MPa) on the crater depth after the action of PWJ on AW-6060 
aluminium alloy sample
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the repetitive loading of the material with 20,000 impacts 
of water droplets per second. These water droplets, when 
interacting with the surface, cause the induction of compres-
sive stress in the direction parallel to the jet axis, followed 
by shear stress in the perpendicular direction of the impact 
along the material surface, which is known as lateral jet-
ting. The entire phenomenon is known as the water hammer 
effect. Due to the repetitive action of the PWJ, the material 
does not receive the relaxation time needed to restore the 
strain to its original state. Therefore, the cumulative mag-
nitude of the induced stresses exceeds the ultimate strength 
of the material, which leads to material failure by breaking 
out from the parent material and creating an erosion crater. 
The extent of the crater depth depends on the magnitude of 
the impact pressure and its duration. The impact pressure 
largely depends on the jet velocity, which is a function of 
supply pressure, and therefore depends directly on the supply 
pressure. The graphs shown in Figs. 6 and 7 correspond to 
these relationships. Therefore, by increasing either the expo-
sure time or the supply pressure, the erosion crater depth 
increases. Initially, with a shorter exposure time (t < 5 s), 
the rate of the increase in the erosion depth with time expo-
sure is higher, while it slowly becomes constant with longer 
exposure time. This decline in the erosion rate or the depth 
magnitude is due to the resistance of the incoming water 
droplets by the water layer already present on the material 
surface due to the preceding impacts. Another reason for 
the decline in the depth magnitude is the improper interac-
tion of the water droplets with the generated crater, which 
diverts the impact epicentre and cumulative loading effect. 
The magnitude of the crater depth formed by supply pressure 
p = 30 MPa is consistently higher than that at p = 20 MPa. 
This increased impact velocity increases the impact pres-
sure exerted at the impact epicentre, resulting in deeper 
depths. By comparing the erosion results between both the 
materials, i.e. AISI 304 and AW-6060, it was found that the 

crater depth was nearly 10 times greater in the aluminium 
alloy compared to that in the stainless steel samples. For 
p = 30 MPa, the increase in the crater depth was calculated 
to be seven times more for the aluminium alloy than for the 
stainless steel. These results are attributed to the mechanical 
properties of both materials (Tables 1 and 2). The enhanced 
mechanical properties of the stainless steel (σ = 560 MPa 
and 195 MPa for stainless steel and aluminium alloy, respec-
tively) help it to resist the repetitive impacts of the water 
droplets and to undergo plastic deformation followed by 
material erosion. It can be inferred that, for the stainless 
steel sample, the droplet impacts with a shorter exposure 
time only change the surface features and cause stress con-
centration sites, which later, with a longer exposure time, 
merge into an erosion crater. The range of the crater depths 
measured for p = 20 MPa varies from 0.894 to 2.044 mm and 
from 0.037 to 0.227 mm for the aluminium alloy and stain-
less steel, respectively, for t = 1 to 20 s. Similarly, for p = 30 
MPa, the crater depth increases from 1.487 to 3.017 mm and 
from 0.287 to 0.409 mm for aluminium alloy and stainless 
steel, respectively, for t = 1 to 20 s. The minor irregulari-
ties in the increasing depth trend for both the material and 
the supply pressure can be largely associated with the local 
properties of the sample at the impact epicentre.

4.2  Crater area analysis

Figures 8 and 9 show the influence of the input parameters 
on the crater opening areas for the aluminium alloy and 
stainless steel, respectively. The crater area trend is simi-
lar to that observed for the depth, i.e. with an increase in 
the exposure time or the supply pressure, the crater area 
increases simultaneously. This is due to the increased inter-
action time and the number of water droplet impingements 
impacting the material surface with the increasing exposure 
time. The crater opening area increases from 2.075 to 3.256 

Fig. 7  Influence of erosion time (t = 1–20 s) and supply pressure (p = 20 and 30 MPa) on the crater depth after the action of PWJ on AISI 304 
stainless steel sample
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 mm2 and from 3.038 to 4.469  mm2 for p = 20 and 30 MPa, 
respectively, with the increase in the exposure time from 
t = 1 to 20 s for the aluminium alloy. The spread of the open-
ing area depends upon the action of the lateral outflow of 
the jet after impacting the material surface. These radial jets 
travel over the material surface, interacting with the sur-
face asperities present. The induction of the shear stresses 
deforms the material surface and pushes the material radially 
outward from the impact epicentre. For the ductile mate-
rials, this action causes the material to upheave, forming 
a peripheral boundary around the impact site. With higher 
supply pressure, the magnitude of the lateral velocity of the 
jet also increases, which in turn increases the shear stress 
induced, and a wider crater opening is found. The crater 
opening area trend for the stainless steel sample showed a 
stiffer value increase with the variations in the exposure time 
and supply pressure. The crater area increased from 0.661 
to 1.391  mm2 and from 1.366 to 2.900  mm2 for p = 20 and 
30 MPa, respectively, with the increase in the exposure time 
from t = 1 to 20 s. The magnitude of the average crater area 
for the stainless steel samples was nearly three times and two 
times lower for p = 20 and 30 MPa, respectively, than that 
for the aluminium samples, when keeping the same expo-
sure time. The reason for this increased resistance against 

erosion is the better mechanical properties of stainless steel 
than aluminium alloy [28]. However, the trend of the crater 
area for the aluminium alloy was much smoother for both 
supply pressure levels compared to the stiffer trend for the 
stainless steel samples, especially for p = 30 MPa. A similar 
trend with increasing exposure time was also reported by 
other researchers.

4.3  Crater volume analysis

Figures 10 and 11 show the crater volume trend with the 
increasing exposure time and supply pressure for the alu-
minium alloy and stainless steel samples after exposure to 
the PWJ. The crater volume is the most critical response as it 
contains information about both the crater depth and the cra-
ter area. Therefore, for practical applications, direct evalua-
tion or prediction of the crater volume is essential to estimate 
the extent of erosion by the action of the water droplets. 
The volume of the crater is measured by the MountainsMap 
software, which considers the entire void volume below the 
selected reference plane as the eroded volume formed after 
the action of the PWJ. A representative image of the extent 
of the material erosion viewed from the cross-sectional plane 
is shown in Fig. 12. The cross-sectional image is plotted 

Fig. 8  Influence of erosion time (t = 1–20 s) and supply pressure (p = 20 and 30 MPa) on the crater area after the action of PWJ on AW-6060 
aluminium alloy sample

Fig. 9  Influence of erosion time (t = 1–20 s) and supply pressure (p = 20 and 30 MPa) on the crater area after the action of PWJ on AISI 304 
stainless steel sample
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for the minimum and maximum erosion times, i.e. t = 1 s 
and 20 s, for both of the supply pressures and for both of 
the materials. The trend for the crater volume is similar to 
that for both the crater depth and the opening area, as it 
is the final product of both responses. For the aluminium 
samples, the crater volume varies from 0.530 to 2.943  mm3 
and from 1.719  mm3 to 4.764  mm3 for p = 20 and 30 MPa, 
respectively, for the erosion times from t = 1 to 20 s. The 
reason for the increased crater volume with the increasing 
erosion time is the same as that given before for the crater 
depth and opening area. Also, the larger crater volume meas-
ured for p = 30 MPa compared to that of the lower pressure 
level is due to a higher flow rate and impact velocity for 30 
MPa than 20 MPa. For the stainless steel samples, a higher 
rate of increase in the crater volume is observed, and it is 
similar to the crater width trend. The crater volume for the 
stainless steel samples increases from 0.002  mm3 to 0.101 
 mm3 and from 0.073 to 0.0373  mm3 for p = 20 and 30 MPa, 
respectively, with erosion times from t = 1 to 20 s. Therefore, 
from the practical application point of view, the prediction 
and measurement of the final crater volume formed due to 
the action of water droplets with different flow conditions 
are essential to estimate the lifetime of the components. An 

accurate prediction model for estimating the erosion volume 
would reduce the need for several pilot experiments for dif-
ferent flow conditions and industrial materials when predict-
ing the component lifetime. Therefore, in the next section, 
different machine learning tools are used and developed for 
predicting the erosion magnitude in terms of crater volume 
using the experimental values obtained in this study.

4.4  Surface topography

Figure 13 shows the evolution of the generation of the ero-
sion crater with increasing erosion times for both the supply 
pressures (p = 20 and 30 MPa) and both materials, i.e. the 
AW-6060 aluminium alloy and AISI 304 stainless steel. For 
the aluminium alloy samples, material erosion is detected 
from the starting erosion time, i.e. t = 1 s, which then gradu-
ally deepens and widens with a longer erosion time. The 
topography images also show the peripheral section of the 
generated erosion crater containing the upheaved material. 
With the increase in the erosion time, the cumulative effect 
of the impacting water droplets increases, which further 
pushes material radially outwards from the collision epicen-
tre of the jet, resulting in the increased amount of upheaved 

Fig. 10  Influence of erosion time (t = 1–20 s) and supply pressure (p = 20 and 30 MPa) on the crater volume after the action of PWJ on AW-6060 
aluminium alloy sample

Fig. 11  Influence of erosion time (t = 1–20 s) and supply pressure (p = 20 and 30 MPa) on the crater volume after the action of PWJ on AISI 304 
stainless steel sample
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material around the generated crater. With an increase in 
the pressure level, the magnitude of the erosion character-
istics becomes more evident, resulting in the formation of 
deeper and wider craters. This phenomenon is attributed to 
the increase in the impact speed from v = 180 m/s for p = 20 
MPa to v = 220 m/s for p = 30 MPa. Also, the magnitude of 
the upheaved area resulting from the action of the shear force 
generated by the lateral jetting also increases in comparison 
to the lower supply pressure. The irregular shape of the cra-
ter opening varies greatly and is not circular in shape, which 
can be attributed to the local properties of the material and 
the orientation of the jet impact with the material surface. 
However, the exact reason is still unknown. For the stainless 
steel samples, the formation of the erosion crater is largely 
diminished and corresponds to the magnitude of the depth, 
width and volume removal already shown in Figs. 7, 9, and 
11, respectively. The reason for the lower erosion magnitude 
is the enhanced mechanical and erosion-resistant properties 
of the AISI 304 material. For the supply pressure p = 20 MPa 
and the erosion time t = 1 s, no material removal is detect-
able, which corresponds to the incubation phase of hydro-
dynamic erosion. In this phase, due to the jet impact, the 
subsurface properties of the material change, along with a 
minor increase in the surface roughness, but negligible or no 
erosion depth is observed. However, with prolonged impact, 
the induced stress exceeds the ultimate limit and material 
failure takes place. This can be observed for the samples 
exposed to the PWJ for erosion times longer than t = 5 s. 
The crater area and the depth increase with an increase in the 

erosion time due to a larger number of droplet impacts. How-
ever, the crater opening shape for the stainless steel sample 
is also not well defined, and the crater opening expands in 
the direction of less resistance in the form of local material 
defects and irregularities. This can also be due to the ori-
entation of the sample relative to the impacting jet. For the 
higher supply pressure, p = 30 MPa, the erosion craters are 
better visualised due to the higher magnitude of the impact 
pressure, which depends directly on the impacting speed of 
the jet. The magnitude of the upheaved material observed 
for the stainless steel samples for all the experimental condi-
tions is lower compared to that of the aluminium alloy. This 
can also be due to the more ductile property of aluminium, 
which allows the material to be pushed away and to pile up 
to form an upheaval structure surrounding the erosion crater.

4.5  Actual vs. predicted values

In the context of the RF, actual refers to the true or observed 
values of the target variable, while predicted signifies the 
values generated by the ensemble model for the same set 
of input data. The crater volume values under pressures 
of 20 MPa and 30MPa were trained, validated and tested 
with the help of the RF. In total, 40 responses were taken; 
of these, the first 20 responses were related to aluminium, 
and the remaining 20 responses belonged to steel. A close 
alignment between the actual and predicted values across 
the training, validation and testing sets, along with mini-
mal variation, indicates that the RF model exhibits strong 

Fig. 12  Cross-sectional view of volumetric erosion caused by the action of PWJ using supply pressures p = 20 and 30 MPa and erosion times 
t = 1 and 20 s and for both aluminium alloy and stainless steel samples
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generalisation and robustness, making it a reliable predic-
tor for the given dataset. To quantify the outcomes of the 
RF, R2, MAE, RMSE, RAE and RRSE were employed. R2 
measures the proportion of the variance in the dependent 
variable that is predictable from the independent variables in 
a regression model. It ranges from 0 to 1, with higher values 
indicating a better fit. MAE quantifies the average absolute 
variance between the actual and predicted values, provid-
ing a straightforward measure of prediction accuracy. It is 
less sensitive to outliers compared to RMSE. RMSE calcu-
lates the square root of the mean of the squared differences 

between the actual and predicted values. It provides a meas-
ure of the model's accuracy while penalising larger errors 
more heavily. RAE is a relative error metric that expresses 
MAE as a proportion of the mean of the actual values, help-
ing to gauge prediction accuracy in relation to the scale of 
the data. RRSE is a relative error metric that incorporates 
RMSE. It measures RMSE as a proportion of the square root 
of the sum of the squares of the actual values, allowing the 
evaluation of prediction errors in the context of the overall 
variability in the data. Figure 14a–c presents the R2, MAE, 
RMSE, RAE and RRSE values with the RF algorithm at 

Fig. 13  Surface topography evolution of aluminium alloy AW-6060 and stainless steel AISI 304 after PWJ impact with erosion times t = 1, 5, 10, 
15 and 20 s for supply pressures p = 20 and 30 MPa
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pressures of 20 MPa and 30 MPa. Under the RF condition, 
the fluctuation of the R2, MAE, RMSE, RAE and RRSE 
values was slightly varied with 20 MPa and 30 MPa. The 
variation under the RF condition is less (Figs. 15, 16).

4.6  Classifications of results

The SVM is a robust classification technique that looks 
for the hyperplane that maximises the difference between 
classes to divide data into discrete groups. Using kernel 
functions, the SVM is capable of dealing with both linearly 
and nonlinearly separable datasets. The following metrics 
are essential for evaluating the performance of classifica-
tion models.

True positive rate (TP rate). A classification model's 
success is evaluated by the percentage of true positives for 
which it provides an accurate prediction. It is calculated as 
(true positives)/(true positives + false negatives) and indi-
cates a model's ability to avoid false negatives.

False positive rate (FP rate). FPR measures the propor-
tion of negative cases incorrectly classified as positive. It is 
calculated as (false positives)/(false positives + true nega-
tives) and is crucial in assessing a model's specificity or its 
ability to avoid false alarms.

Precision. The precision of a model is the degree to which 
its correct predictions can be reliably measured. Model accu-
racy in avoiding false positives is measured by this metric, 
which is computed as (true positives)/(true positives + false 
positives).

Fig. 14  Crater volume data used in RF prediction models at a supply pressure of p = 20 MPa: a training, b validation and c testing
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Recall (sensitivity). Recall, often synonymous with sen-
sitivity, measures the proportion of actual positive cases 
correctly classified by the model. It is calculated as (true 
positives)/(true positives + false negatives) and gauges the 
model's ability to capture all relevant positive cases.

The results of the above-mentioned considered met-
rics are shown in Tables 4 and 5, whereas the confusion 
matrix plots are shown in Figs. 17 and 18. The outcomes 
demonstrated that all the parameters predicted with the 
ML algorithms are close to the actual values because the 
performance metrics are near to 1, which means that the 
models are significantly developed and that they can be 
used for prediction at specific data ranges.

5  Conclusions

The study investigates the utilisation of different machine 
learning models to predict the erosion characteristics of 
samples exposed to repetitive water droplet erosion. The 
ultrasonically excited PWJ was used as a droplet generator 
with the supply pressures p = 20 and 30 MPa and the ero-
sion times t = 1 to 20 s for the AW-6060 aluminium alloy 
and AISI 304 stainless steel samples. The main results of 
the study can be summarised as follows:

Fig. 15  Crater volume data used in RF prediction models at a supply pressure of p = 30 MPa: a training, b validation and c testing
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Fig. 16  Performance metrics comparison of RF predictive models at 20 MPa and 30 MPa pressure: a training, b validation and c testing

Table 4  Results of detailed 
accuracy by class at supply 
pressure p = 20 MPa

TP rate FP rate Precision Recall F -measure MCC ROC area PRC area Class

Training
 0.8 0 1 0.8 0.889 0.816 0.9 0.9 Aluminium
 1 0.2 0.833 1 0.909 0.816 0.9 0.833 Steel
 0.9 0.1 0.917 0.9 0.899 0.816 0.9 0.867

Validation
 0.8 0 1 0.8 0.889 0.816 0.9 0.9 Aluminium
 1 0.2 0.833 1 0.909 0.816 0.9 0.833 Steel
 0.9 0.1 0.917 0.9 0.899 0.816 0.9 0.867

Testing
 1 0 1 1 1 1 1 1 Aluminium
 1 0 1 1 1 1 1 1 Steel
 1 0 1 1 1 1 1 1
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Table 5  Results of detailed 
accuracy by class at supply 
pressure p = 20 MPa

TP rate FP rate Precision Recall F-measure MCC ROC area PRC area Class

Training
 1 0 1 1 1 1 1 1 Aluminium
 1 0 1 1 1 1 1 1 Steel
 1 0 1 1 1 1 1 1

Validation
 1 0.05 0.952 1 0.976 0.951 0.975 0.952 Aluminium
 0.95 0 1 0.95 0.974 0.951 0.975 0.975 Steel
 0.975 0.025 0.976 0.975 0.975 0.951 0.975 0.964

Testing
 1 0 1 1 1 1 1 1 Aluminium
 1 0 1 1 1 1 1 1 Steel
 1 0 1 1 1 1 1 1

Fig. 17  Confusion matrix plot at supply pressure p = 20 MPa: a training, b validation and c testing
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(1) Crater depth increased with an increase in the ero-
sion time and supply pressure for both materials. The 
maximum erosion depths were measured for the ero-
sion time of t = 20 s and were equal to 2.044 mm and 
3.017 mm for p = 20 and 30 MPa, respectively, for the 
AW-6060 samples. In comparison, the erosion depths 
measured for the AISI 304 samples were 0.227 mm and 
0.409 mm for p = 20 and 30 MPa, respectively, for the 
erosion time of t = 20 s.

(2) Crater width followed a similar trend with increasing 
erosion time and higher supply pressure. The maxi-
mum widths for the AW-6060 samples were measured 
as 3.256  mm2 and 4.469  mm2 for p = 20 and 30 MPa, 
respectively, for t = 20 s. For the AISI 304 samples, 
the maximum widths measured were 1.391  mm2 and 
2.900  mm2 for p = 20 and 30 MPa, respectively, for 
t = 20 s.

(3) Crater volume also increased with an increase in the 
erosion time and supply pressure. The maximum crater 
volumes were measured as 2.943  mm3 and 4.764  mm3 
for p = 20 and 30 MPa, respectively, for the AW-6060 
samples; they were 0.101   mm3 and 0.373   mm3 for 
p = 20 and 30 MPa, respectively, for the AISI 304 sam-
ples for the erosion time of t = 20 s.

(4) The surface topography studies showed the evolution of 
the crater opening area with erosion times for both sup-
ply pressures and the investigated materials. They also 
exhibited the extent of the upheaved material volume 
formed by the action of the PWJ when impacting the 
aluminium alloy samples.

(5) The performance of the random forest and SVM 
method was verified, and it was concluded that the 
prediction levels were very close to the actual values, 
which means that the developed models were suitable 

Fig. 18  Confusion matrix plot at 30 MPa pressure: a training, b validation and c testing
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and could be used for prediction within a specific range 
of parameters.

Author contributions All authors contributed equally.

Funding Grantová Agentura České Republiky, 23-05372S, Sergej 
Hloch.

Availability of data and materials Not applicable.

Declarations 

Conflict of interest The authors declare that they have no competing 
interests.

Ethical approval and consent to participate Not applicable.

Consent for publication The consent to submit this paper has been 
received explicitly from all co-authors.

References

 1. Vijay MM, Foldyna J, Remisz J. Ultrasonic modulation of high-
speed water jets. In: Geomechanics, vol. 93. Taylor & Francis; 
1994. p. 327–32.

 2. Field JE. ELSI conference: invited lecture liquid impact—theory, 
experiment, applications. Wear. 1999;233–235:1–12. https:// doi. 
org/ 10. 1016/ S0043- 1648(99) 00189-1.

 3. Bowden FP, Brunton JH. Damage to solids by liquid impact at 
supersonic speeds. Nature. 1958;181:873–5.

 4. Chlupová A, Hloch S, Nag A, Šulák I, Kruml T. Effect of pulsat-
ing water jet processing on erosion grooves and microstructure in 
the subsurface layer of 25CrMo4 (EA4T) steel. Wear. 2023;524–
525: 204774. https:// doi. org/ 10. 1016/j. wear. 2023. 204774.

 5. Adler WF. The mechanics of liquid impact. Acad Press, Treatise 
Mater Sci Technol. 1979;16:127–83.

 6. Ibrahim ME, Medraj M. Water droplet erosion of wind turbine 
blades: mechanics, testing, modeling and future perspectives. 
Materials. 2020. https:// doi. org/ 10. 3390/ ma130 10157.

 7. Nastic A, Vijay M, Tieu A, Jodoin B. High speed water droplet 
impact erosive behavior on dry and wet pulsed waterjet treated 
surfaces. Phys Fluids. 2023. https:// doi. org/ 10. 1063/5. 01476 98.

 8. Siahpour P, Amegadzie MY, Tieu A, Donaldson IW, Plucknett KP. 
Ultrasonic pulsed waterjet peening of commercially-pure titanium. 
Surf Coat Technol. 2023;472: 129953. https:// doi. org/ 10. 1016/j. 
surfc oat. 2023. 129953.

 9. Poloprudský J, Nag A, Kruml T, Hloch S. Effects of liquid drop-
let volume and impact frequency on the integrity of Al alloy 
AW2014 exposed to subsonic speeds of pulsating water jets. 
Wear. 2022;488–489: 204136. https:// doi. org/ 10. 1016/j. wear. 
2021. 204136.

 10. Honl M, Schwieger K, Carrero V, Rentzsch R, Dierk O, Dries 
S, Pude F, Bluhm A, Hille E, Louis H, Morlock M. The pulsed 
water jet for selective removal of bone cement during revision 
arthroplasty. Biomed Tech (Berl). 2003;48:275–80.

 11. Baker DWC, Jolliffe KH, Pearson D, Jolliffet KH. The Resistance 
of Materials to Impact Erosion Damage Discussion on Defor-
mation of Solids by the Impact of Liquids, and its Relation to 
Rain Damage in Aircraft and Missiles, to Blade Erosion in Steam 

Turbines, and to Cavitation Erosion XVI. The resistance of mate-
rials to impact erosion damage, 1966.

 12. Fujisawa K. On erosion transition from the incubation stage to 
the accumulation stage in liquid impingement erosion. Wear. 
2023;528–529: 204952. https:// doi. org/ 10. 1016/j. wear. 2023. 
204952.

 13. Thiruvengadam A, Rudy SL. NASA Contractor report. Experi-
mental and analytical investigations on multiple liquid impact 
erosion, 2000.

 14. Sapoval B. L’universalité des formes fractales dans la nature. 
Gazette Des Mathematiciens. pp 9–20, 2013.

 15. Ahmad M, Schatz M, Casey MV. An empirical approach to predict 
droplet impact erosion in low-pressure stages of steam turbines. 
Wear. 2018;402–403:57–63. https:// doi. org/ 10. 1016/j. wear. 2018. 
02. 004.

 16. Xie S, He Z, Loh YM, Yang Y, Liu K, Liu C, Cheung CF, Yu N, 
Wang C. A novel interpretable predictive model based on ensem-
ble learning and differential evolution algorithm for surface rough-
ness prediction in abrasive water jet polishing. J Intell Manuf. 
2023. https:// doi. org/ 10. 1007/ s10845- 023- 02175-4.

 17. Ibrahim ME, Medraj M. Prediction and experimental evaluation of 
the threshold velocity in water droplet erosion. Mater Des. 2022. 
https:// doi. org/ 10. 1016/j. matdes. 2021. 110312.

 18. Slot H, Matthews D, Schipper D, van der Heide E. Fatigue-based 
model for the droplet impingement erosion incubation period of 
metallic surfaces. Fatigue Fract Eng Mater Struct. 2021;44:199–
211. https:// doi. org/ 10. 1111/ ffe. 13352.

 19. Kirols HS, Kevorkov D, Uihlein A, Medraj M. Water droplet ero-
sion of stainless steel steam turbine blades. Mater Res Express. 
2017. https:// doi. org/ 10. 1088/ 2053- 1591/ aa7c70.

 20. Zelenak M, Foldyna J, Scucka J, Hloch S, Riha Z. Visualisation 
and measurement of high-speed pulsating and continuous water 
jets. Measurement (Lond). 2015;72:1–8. https:// doi. org/ 10. 1016/j. 
measu rement. 2015. 04. 022.

 21. Nag A, Stolárik G, Svehla B, Hloch S. Effect of water flow rate 
on operating frequency and power during acoustic chamber tun-
ing. In: Advances in Manufacturing Engineering and Materials 
II: Proceedings of the International Conference on Manufacturing 
Engineering and Materials (ICMEM 2020), 21–25 June, 2021, 
Nový Smokovec, Slovakia, Springer, 2021. pp 142–154. https:// 
doi. org/ 10. 1007/ 978-3- 030- 71956-2.

 22. Hloch S, Srivastava M, Nag A, Muller M, Hromasová M, Svo-
bodová J, Kruml T, Chlupová A. Effect of pressure of pulsating 
water jet moving along stair trajectory on erosion depth, surface 
morphology and microhardness. Wear. 2020;452–453: 203278.

 23. Pimenov DY, Bustillo A, Wojciechowski S, Sharma VS, Gupta 
MK, Kuntoğlu M. Artificial intelligence systems for tool con-
dition monitoring in machining: analysis and critical review. 
J Intell Manuf. 2023;34:2079–121. https:// doi. org/ 10. 1007/ 
s10845- 022- 01923-2.

 24. González Rodríguez G, Gonzalez-Cava JM, Méndez Pérez JA. An 
intelligent decision support system for production planning based 
on machine learning. J Intell Manuf. 2020;31:1257–73. https:// 
doi. org/ 10. 1007/ s10845- 019- 01510-y.

 25. Cuartas M, Ruiz E, Ferreño D, Setién J, Arroyo V, Gutiérrez-
Solana F. Machine learning algorithms for the prediction of 
non-metallic inclusions in steel wires for tire reinforcement. 
J Intell Manuf. 2021;32:1739–51. https:// doi. org/ 10. 1007/ 
s10845- 020- 01623-9.

 26. Kuo C-FJ, Tung C-P, Weng W-H. Applying the support vector 
machine with optimal parameter design into an automatic inspec-
tion system for classifying micro-defects on surfaces of light-emit-
ting diode chips. J Intell Manuf. 2019;30:727–41. https:// doi. org/ 
10. 1007/ s10845- 016- 1275-1.

 27. Pisner DA, Schnyer DM. Support vector machine. In: Machine 
learning: methods and applications to brain disorders. Elsevier; 

https://doi.org/10.1016/S0043-1648(99)00189-1
https://doi.org/10.1016/S0043-1648(99)00189-1
https://doi.org/10.1016/j.wear.2023.204774
https://doi.org/10.3390/ma13010157
https://doi.org/10.1063/5.0147698
https://doi.org/10.1016/j.surfcoat.2023.129953
https://doi.org/10.1016/j.surfcoat.2023.129953
https://doi.org/10.1016/j.wear.2021.204136
https://doi.org/10.1016/j.wear.2021.204136
https://doi.org/10.1016/j.wear.2023.204952
https://doi.org/10.1016/j.wear.2023.204952
https://doi.org/10.1016/j.wear.2018.02.004
https://doi.org/10.1016/j.wear.2018.02.004
https://doi.org/10.1007/s10845-023-02175-4
https://doi.org/10.1016/j.matdes.2021.110312
https://doi.org/10.1111/ffe.13352
https://doi.org/10.1088/2053-1591/aa7c70
https://doi.org/10.1016/j.measurement.2015.04.022
https://doi.org/10.1016/j.measurement.2015.04.022
https://doi.org/10.1007/978-3-030-71956-2
https://doi.org/10.1007/978-3-030-71956-2
https://doi.org/10.1007/s10845-022-01923-2
https://doi.org/10.1007/s10845-022-01923-2
https://doi.org/10.1007/s10845-019-01510-y
https://doi.org/10.1007/s10845-019-01510-y
https://doi.org/10.1007/s10845-020-01623-9
https://doi.org/10.1007/s10845-020-01623-9
https://doi.org/10.1007/s10845-016-1275-1
https://doi.org/10.1007/s10845-016-1275-1


Archives of Civil and Mechanical Engineering (2024) 24:97 Page 19 of 19 97

2020. p. 101–21. https:// doi. org/ 10. 1016/ B978-0- 12- 815739- 8. 
00006-7.

 28. Lehocka D, Klichova D, Foldyna J, Hloch S, Hvizdos P, Fides 
M, Botko M. Comparison of the influence of the acoustically 
enhanced pulsating water jet on selected surface integrity charac-
teristics of CW004A copper and CW614N brass. Measurement. 
2017;110:230–8. https:// doi. org/ 10. 1016/j. measu rement. 2017. 07. 
005.

Publisher's Note Springer Nature remains neutral with regard to 
jurisdictional claims in published maps and institutional affiliations.

Springer Nature or its licensor (e.g. a society or other partner) holds 
exclusive rights to this article under a publishing agreement with the 
author(s) or other rightsholder(s); author self-archiving of the accepted 
manuscript version of this article is solely governed by the terms of 
such publishing agreement and applicable law.

https://doi.org/10.1016/B978-0-12-815739-8.00006-7
https://doi.org/10.1016/B978-0-12-815739-8.00006-7
https://doi.org/10.1016/j.measurement.2017.07.005
https://doi.org/10.1016/j.measurement.2017.07.005

	Real-time prediction and classification of erosion crater characteristics in pulsating water jet machining of different materials with machine learning models
	Abstract
	1 Introduction
	2 Materials and methods
	2.1 Materials
	2.2 Methods

	3 Machine learning models
	3.1 Predictive modelling with random forest approach
	3.2 Classification with SVM models

	4 Results and discussion
	4.1 Crater depth
	4.2 Crater area analysis
	4.3 Crater volume analysis
	4.4 Surface topography
	4.5 Actual vs. predicted values
	4.6 Classifications of results

	5 Conclusions
	References




