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Mud circulation tanks efficiently remove accumulated mud cake and impurities from the tank, stabi-
lizing drilling fluid performance and directly ensuring drilling safety and efficiency. Automatic cleaning of these
tanks is critical for modern drilling operations. This paper designs an integrated optimization system applied to
self-excited cavitation jet nozzles to enhance their comprehensive cleaning performance on mud tanks in sub-
merged environments. Using inlet radius, cavity diameter, cavity length, and lower-nozzle diameter as design
variables and pressure peak, amplitude, and frequency as objective variables, orthogonal experiments and range
analysis were conducted to obtain optimized structural parameters under orthogonal analysis and identify key
structural variables. Subsequently, the discrete optimization space, constructed from key structural parameters,
was mapped to the continuous optimization space of the machine learning model. A multi-objective particle
swarm optimization algorithm was employed to obtain the Pareto front. Finally, the optimal structures were
ranked using the technique for order preference by similarity to an ideal solution method. Compared to the or-
thogonal analysis results, the optimized structure achieved improvements of 69.79 %, 78.60 %, and 11.77 % in
pressure peak, amplitude, and frequency, respectively. Overall cleaning capacity increased by 77.39 %. Simu-
lations of the optimal structure obtained through the integrated optimization system revealed that the nozzle’s
optimal configuration generates a distinct pulsed cavitation jet. The cavitation zone within the nozzle cavity
undergoes periodic contraction and expansion over time, validating the optimization results. The self-excited
cavitation jet nozzle structure designed via the integrated optimization system significantly enhances its overall
cleaning performance, providing an effective solution for the automatic cleaning of mud circulation tanks.

The mud circulation tank is an indispensable piece of equip-
ment in drilling operations. During use, drilling mud circu-
lating within the tank inevitably generates residues and de-
posits. The resulting solid mud cake significantly reduces
the tank’s effective volume, markedly impacting mud mixing
and circulation efficiency (Gonzalez et al., 2021; Ma et al.,
2023). Cleaning the mud circulation tank can effectively pre-
vent these issues. However, existing cleaning methods typ-
ically rely on manual scrubbing or high-pressure water jet-
ting. High-pressure water jetting has limited cleaning capa-

bility, while manual cleaning is inefficient (Kang et al., 2021;
Fang et al., 2023). Therefore, there is a need to develop a new
technology for mud circulation tanks that combines high ef-
ficiency with strong cleaning power.

In the 1950s, Rockwell and Naudascher (1978) system-
atically investigated cavitation phenomena generated when
high-velocity water jets impacted solid surfaces. They dis-
covered that material damage was primarily caused by the
immense shock pressure produced during the collapse of
these cavitation vortex rings, rather than the steady-state im-
pact pressure of the jet itself. Subsequently, cavitation jets
gained widespread attention and were applied in mining,



cleaning, firefighting, and cutting to enhance operational ef-
ficiency (Celik and Rockwell, 2002; Zheng et al., 2024; Ji et
al., 2016; Wan et al., 2023; Du et al., 2024). Cavitation jet
nozzles are primarily classified by mechanism into bypass
type, vortex type, self-oscillating pulse type, and central-
body type. Bypass-type and vortex-type nozzles exhibit en-
ergy dispersion due to the placement of blunt bodies or guide
vanes within the flow field, resulting in a lower-pressure
peak. Central-body cavitation typically occurs near the cen-
tral axis, commonly used for rock fragmentation and steel
cutting, though with relatively lower cleaning efficiency.
Self-oscillating cavitation jets represent the highest cavita-
tion intensity and energy efficiency. This paper focuses on
analyzing self-oscillating cavitation jet nozzles, which are
capable of cleaning hard deposits.

Commonly used self-oscillating cavitation jet nozzles in-
clude organ-pipe-type cavitation jet nozzles and Helmholtz-
type cavitation jet nozzles (Li et al., 2016; Yao et al., 2022).
Wu et al. (2023) found that organ-pipe-type cavitation jet
nozzles have a relatively limited effective operating range
and concentrated energy distribution, resulting in lower ef-
ficiency for large-area cleaning tasks in recirculation tanks.
Han et al. (2017) validated this conclusion through compar-
ative studies of other cavitation jet nozzle types, conclud-
ing that Helmholtz-type nozzles exhibit more pronounced
self-oscillation resonance frequencies, amplitude values, and
peaks. Kolsek et al. (2007) investigated the influence of noz-
zle structural parameters on self-oscillation frequency via
numerical simulation, employing Fourier transform analy-
sis to achieve superior low-frequency self-oscillation char-
acteristics. Liu et al. (2017) proposed a modified theoreti-
cal model through simulation, combined numerical modeling
to determine the oscillation frequency range, and validated
it with experimental results. These studies indicate that the
self-oscillation performance of Helmholtz-type cavitation jet
nozzles is influenced by their structural parameters. Zhang
et al. (2021) employed numerical simulation to investigate
the influence of structural parameters on the cavitation char-
acteristics of Helmholtz-type cavitation jet nozzles. Results
indicate that smaller outlet length, resonant cavity diameter,
and resonant cavity length generate more cavitation bubbles
in the flow fields inside and outside the Helmholtz nozzle,
while outlet diameter has a negligible effect on the volu-
metric fraction of cavitation bubbles. Wang et al. (2005) in-
vestigated the influence of structural parameters on the self-
excited frequency of Helmholtz-type cavitation jet nozzles
through numerical simulations and laboratory experiments,
identifying an optimized parameter range for this nozzle
structure. Zheng (2024) determined via CFD that the ideal
dimensions for a double-cavity nozzle are a resonance cav-
ity length ratio of 0.96 and a cavity diameter ratio of 3, both
of which enhance cavitation and jet effects. The literature re-
view indicates that structural parameters significantly influ-
ence the jet characteristics of Helmholtz-type cavitation jet
nozzles, making the optimization of these parameters using

appropriate evaluation metrics practically significant. How-
ever, previously optimized Helmholtz-type nozzle structures
were predominantly derived from single-parameter analysis
or orthogonal design schemes. This study establishes a com-
plete orthogonal system, revealing that past optimization re-
sults were confined to local optima. Such structures exhibit
limited cleaning efficacy for mud circulation tanks and lack
evaluations of jet pulse characteristics under submerged con-
ditions.

To achieve global optimization of self-oscillating cavita-
tion jet nozzles, this paper designs a structural optimization
system for such nozzles that addresses multiple variables and
objectives. First, an orthogonal design scheme is developed.
Through range analysis, structural parameters with signifi-
cant cumulative effects are selected as key variables for es-
tablishing a complete orthogonal system. Cleaning perfor-
mance metrics also exhibit inconsistent standards. The cri-
teria importance through intercriteria correlation (CRITIC)
method assigns weights proportional to their information
content to these performance metrics. Subsequently, a dis-
crete optimization space is constructed based on key struc-
tural parameters and cleaning performance metrics. A ma-
chine learning model maps this discrete space into a contin-
uous optimization domain. Finally, the multi-objective parti-
cle swarm optimization (MOPSO) algorithm is employed to
search for the Pareto front solution set within the optimiza-
tion space. The optimal structural parameters are then deter-
mined using the technique for order preference by similarity
to an ideal solution (TOPSIS) combined with information-
based weighting.

The remaining sections are as follows. Section 2 intro-
duces the theoretical basis of self-excited cavitation jets and
establishes a simulation model in FLUENT. Section 3 de-
scribes the optimization method and presents the correspond-
ing mathematical model. Section 4 analyzes the optimization
results and explains the mechanism of flow field changes.
Section 5 summarizes the entire paper.

When the jet passes through the outlet of the upper noz-
zle and flows into the self-resonating chamber, the abrupt
change in flow channel geometry causes separation of the
wall boundary layer, forming a cavitation zone within the
outlet flow path. Numerous cavitation bubbles appear in the
jet flowing through this region (see Fig. 1). These cavita-
tion bubbles gradually migrate toward the nozzle outlet with
the jet’s motion. Their morphology also changes in response
to pressure variations within the outlet flow channel. The
collapse or fragmentation of cavitation bubbles during this
process significantly impacts the jet. By utilizing the self-
oscillating pulse effect within a self-oscillating chamber in
the nozzle, a periodic cavitation jet can be generated. This
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Schematic diagram of self-excited cavitation jet.

achieves periodic energy accumulation and release on the in-
flow at the nozzle inlet, transforming the continuous jet into
a pulsed jet. This technology replaces the “continuous scour-
ing” of traditional water jets with “high-frequency hammer-
ing”, addressing numerous pain points in mud tank cleaning.
These include incomplete cleaning and extremely adhesive
and hardened deposits such as mud cakes and solidified ce-
ment on tank walls and components.

Yuan et al. (2024) experimentally verified that jet fields
with symmetric characteristics can be computed by simplify-
ing them into two-dimensional models. To reduce computa-
tional complexity, this paper also adopts the aforementioned
method for numerical simulation. The geometric model of
the self-oscillating cavitation jet nozzle selected for this
study is shown in Fig. 2. Structural parameters include the
upper-nozzle diameter D1, upper-flow channel length L1, in-
let radius Rj, cavity diameter D, cavity length L, colli-
sion wall angle o1, lower-flow channel length L3, and lower-
nozzle diameter D3.

Assuming water is an incompressible fluid and neglecting the
effect of temperature on the flow field, the fluid flow is con-
sidered isothermal. The simulation employs a transient sim-
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Schematic diagram of boundary condition setup for
finite-element model.

ulation structure with a pressure solver. The inlet pressure
is set at 5 MPa, while the outlet pressure simulates a sub-
merged environment at a depth of 1 m with a gauge pressure
of 9800 Pa, representing the conditions at the bottom of the
mud circulation tank. With a boundary layer mesh size of
0.2 mm, the computational step size is determined as 107>
based on empirical formulas (Yuan et al., 2024). The mixture
multiphase flow model was selected, with the realizable k—¢
turbulence model, standard wall function for wall conditions,
and Schnerr and Sauer cavitation model. The first phase was
set as liquid water and the second phase as water vapor. Nu-
merical simulations were performed for the flow conditions
inside and outside the nozzle. The pressure—velocity cou-
pling scheme employed the pressure-implicit with splitting
of operators algorithm. To ensure computational accuracy, a
double-precision solver was utilized. The computational do-
main models for the inlet, outlet, and target plate are illus-
trated in Fig. 3.

The model mesh primarily employs quadrilateral elements.
Due to factors such as the small structural dimensions of the
nozzle self-excited resonance chamber, cavitation phase tran-
sitions, and turbulent vortices, the mesh requires refinement.
Using pressure peak (PP) and pressure amplitude (PA) as
mesh independence metrics, multiple tests were conducted
with meshes of varying refinement levels. Results showed
that when the number of mesh elements exceeded 19 788,
the differences in pressure peak and pressure amplitude fluc-
tuated within 1 %. This indicates the mesh sufficiently satis-
fies independence requirements at this level. To validate the
model’s governing equations and boundary conditions, the
simulation replicated the experiment from Li et al. (2024).
The comparison revealed less than 5 % deviation between the
center of the upper-nozzle flow channel and the outlet jet an-
gle, indicating no significant discrepancy and confirming the
correctness of the model parameters.



Orthogonal test factor level table.

Factor R; (mm) Dy (mm) L;(mm) D3 (mm)
1 0.00 4.40 4.00 14.00
2 0.50 4.80 6.00 18.00
3 1.00 5.20 8.00 22.00
4 1.50 5.60 10.00 26.00
5 2.00 6.00 12.00 30.00

To identify the optimal combination of factors influencing
key metrics with the fewest possible trials, an orthogonal test
was designed for nozzle structural parameters. This method
aims to pinpoint the critical parameters affecting final pres-
sure and frequency. Through investigation, this study found
that the nozzle inlet radius Rj, cavity diameter D, upper-
flow channel length L, and lower-nozzle diameter D3 are
more representative than other parameters. Therefore, these
structural parameters were selected as optimization vari-
ables. The PP, PA, and pressure frequency (PF) of the self-
oscillating cavitation jet nozzle are key indicators for eval-
uating its cleaning performance (Yuan et al., 2024; Li et al.,
2024). This design of cleaning performance indicators allows
for rapid prediction of cleaning effectiveness through con-
trollable dynamic parameters, facilitating design optimiza-
tion and operating condition matching. Table 1 lists the val-
ues for the four key structural parameters. In Sect. 3.1, Ta-
ble 2 presents the 25 specific design combinations formed by
pairing the five parameters in Table 1, along with their simu-
lation results.

Direct range analysis would result in each indicator yield-
ing an optimal solution, thus failing to achieve the goal of
designing an overall optimal structure. Considering the vary-
ing information content within these indicators, the CRITIC
weighting method assigns equal weights to the PP, PA, and
PF based on their respective information content. These are
then combined through linear weighting into a single com-
prehensive performance indicator, referred to as the clean-
ing performance indicator (CPI). The steps for the CRITIC
weighting method are as follows (Gao et al., 2025):

1. The evaluation matrix A is obtained from the orthogonal
solution (in Sect. 3.1):

A=|: , (1)

where a,,, denotes the nth evaluation indicator in the
mth sample.

2. Normalize all indicators to obtain the evaluation ma-
trix B, ensuring that larger values indicate better per-
formance.

3. Calculate the Pearson correlation coefficients for each
indicator:

S (bik — bk) (bin — b1)
—\2 —\2’
VS (i =By S (b1 =)
where 7y denotes the correlation coefficient matrix be-
tween indicator k£ and indicator 1, and by and b; rep-

resent the normalized mean values of the kth and ith
indicators in the normalization matrix B, respectively.

2

el =

4. The independent coefficient IC; for the jth evaluation
indicator can be expressed as

ICj:ZT:l (1—rij). 3)

5. Standard deviation is used to quantify the degree of vari-
ation in indicator values. The coefficient of variation
VC; for samples under the jth indicator is defined as

o — 2
>ty (bij —bj)

VC; = .
J m—1

“4)

6. Calculate the information content VOI; of the jth indi-
cator as

VOI,; = VC; -1C;. (5)

7. Calculate the weight w; for the jth indicator as

VOI;

= 6
w;j S OT, (6)

8. Calculate the CPI as
CP1=Z’;:1wjbi,-. ()

Equation (7) presents the method for weighting the three
cleaning indicators according to their information con-
tent.

Assuming the optimization problem requires 100 iterations,
each simulating 50 scenarios, the complete iterative process
necessitates 5000 calculations in FLUENT, with an estimated
computational time of approximately 209 d. This is practi-
cally unfeasible under the current experimental setup. There-
fore, this study proposes mapping the discrete optimization
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Schematic diagram of a multi-objective optimization system.

space to a continuous optimization space using a Gaussian
process regression model to reduce computational time. Key
structural parameters serve as input variables to predict three
comprehensive cleaning performance metrics: PP, PA, and
PF.

The fundamental principle of Gaussian process regression
models is the assumption that input data follow a Gaussian
distribution, with the relationship between input and output
data described by a covariance function (Huang et al., 2023).
The covariance function can derive the mean and variance of
the output corresponding to any input data, enabling data pre-
diction. The conjugate gradient search method of the model
exhibits strong dependence on the initial value o of the Gaus-
sian kernel function. This paper employs random search to
obtain the initial value o, and this combined model is re-
ferred to as the random search Gaussian process regression
(RS-GPR) model.

Minimizing objective functions is generally more conducive
to achieving stable convergence than maximizing them.

However, since all three cleaning metrics follow a “larger-
is-better” pattern, the reciprocals of the three comprehensive
cleaning metrics are proposed as the optimization objective
function. To prevent zero denominators, an infinitesimal non-
zero value (eps) is added to each denominator. The resulting
mathematical formulation of the optimization model is as fol-
lows:

fi=1/FP =
1/(RS—GPRpp(R1,DQ,L|)+CpS)
fo=1/FA =

1/ (RS — GPRpa (R, D2, L1) +eps)
fo=1/FF =

1/ (RS — GPRpr (Ry, D2, L1) +eps),
s.t: Ry €[0.0, 2.0]

D, e [4.4, 6.0]

L, €[4.0, 12.0],

F(f1, f2. f3) =

where F represents the objective function to be optimized, fi
minimizes the PP indicator, f> minimizes the pressure ampli-
tude PA indicator, f3 minimizes the PF indicator, RS-GPRpp
denotes the Gaussian regression model for predicting the PP
indicator, RS-GPRpa denotes the Gaussian regression model
for predicting the PA indicator, and RS-GPRpf denotes the
Gaussian regression model for predicting the PF indicator.



Orthogonal experiments and simulation results.

Number R; (mm) Dy (mm) Lj(mm) D3(mm) PPMPa) PA MPa) PF(Hz)
1 0.00 5.20 12.00 18.00 0.67 0.01 1.00
2 0.00 6.00 10.00 22.00 0.81 0.03 1.00
3 0.00 4.40 4.00 14.00 2.40 1.25 1.00
4 0.00 4.80 8.00 26.00 1.39 0.00 1.00
5 0.00 5.60 6.00 30.00 0.95 0.03 1.00
6 0.50 4.80 10.00 18.00 1.37 0.71 625.00
7 0.50 5.60 8.00 22.00 4.19 1.73 714.29
8 0.50 4.40 6.00 26.00 3.03 0.00 1.00
9 0.50 6.00 12.00 14.00 1.19 0.46 454.55
10 0.50 5.20 4.00 30.00 1.93 0.00 1.00
11 1.00 5.60 10.00 14.00 1.87 0.03 416.67
12 1.00 6.00 4.00 26.00 3.27 0.17 1666.67
13 1.00 4.40 8.00 18.00 2.44 0.00 1.00
14 1.00 4.80 12.00 30.00 1.20 0.56 333.33
15 1.00 5.20 6.00 22.00 2.81 0.00 1.00
16 1.50 5.20 8.00 14.00 1.94 0.65 500.00
17 1.50 6.00 6.00 18.00 2.81 0.06 555.56
18 1.50 5.60 12.00 26.00 1.08 0.36 370.37
19 1.50 4.80 4.00 22.00 2.19 0.00 1.00
20 1.50 4.40 10.00 30.00 1.68 0.00 1.00
21 2.00 4.80 6.00 14.00 2.26 0.00 1.00
22 2.00 5.60 4.00 18.00 2.69 0.00 1.00
23 2.00 5.20 10.00 26.00 1.71 0.03 1.00
24 2.00 6.00 8.00 30.00 2.55 0.62 588.24
25 2.00 4.40 12.00 22.00 0.83 0.12 1.00
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MOPSO is a well-established approach for solving multi-
objective optimization problems and has been applied to op-
timization tasks in various fields, such as robot pose estima-
tion and power grid scheduling (Lu et al., 2025; Nagayo et
al., 2025). The MOPSO algorithm employs 200 spatial parti-
cles, stores 200 optimal solutions, and operates with a maxi-
mum iteration count of 500. The inertia weight is set to 0.4,
with both individual and population cognitive variables con-
figured at 2. Each dimension utilizes 20 grid points, and the
mutation probability is 0.5.

The TOPSIS method selects a compromise solution that is
both closest to the positive ideal solution and farthest from
the negative ideal solution by calculating the Euclidean dis-
tances between the solutions in the Pareto front and the pos-
itive and negative ideal solutions. The steps of the TOPSIS
method are as follows:

1. Normalize the objective function values on the Pareto
frontier boundary and assign weights w to obtain the
decision matrix C:

A1,1 X1,2 X1,3

C= (%) 200x3@ = 21 722 723 », 9

X200,1  X200,2 X200,3

where x; ; denotes the jth evaluation metric in the ith
exciter structure scheme. Here, j = 1, 2,3 corresponds
to PP, PA, and PF, respectively, and w is calculated by
the CRITIC method.

2. Define two ideal solutions: the positive ideal solution
for the jth composite indicator is Cj+, and the negative

ideal solution is Cj_:

CF=max(C;;)i €[1,200], j € [1,3], (10)

C; =min(C; ;)i €[1,200], j €[1,3]. (11)

3. Calculate the Euclidean distance between the Pareto
frontier and the optimal solution:

3
Df = Z(C,-j—C;F)Zi6[1,200],j6[1,3], (12)
\ i=l
3 2
D= Z(cij—cj—) i €[1,200], €[1,3]. (13)
\i:l

Here Di‘Ir and D; represent the distances between the
evaluation object i and the positive ideal solution and
negative ideal solution, respectively.

Calculation results of comprehensive indicator informa-
tion content.

Indicator IC vC VoI w

PP (MPa) 1.2728 0.2513 0.3198 0.3394
PA (MPa) 1.2892 0.2561 0.3302 0.3504
PF (Hz) 1.2477 0.2343  0.2923  0.3102

=)
S

—e—Extreme diffe

80

60 [

10

Extreme difference

20

Cumulative Contribution Rate (%)

o

R1 L1 D2 D3

Factor

Contribution plot of range for each factor.

4. Calculate the proximity score E; for evaluation object
i
E i (14)
"D+

5. Rank the Pareto front based on E; (hereafter referred
to as the comprehensive cleaning effect). The scheme
with the highest comprehensive cleaning effect, E;, rep-
resents the optimal configuration for the self-oscillating
jet nozzle structure parameters.

An orthonormal basis for the key structural parameters (R,
D3, and L») is constructed, and the target values (PP, PA, and
PF) for each orthonormal basis scheme are computed through
simulations to establish a discrete optimization space. Sub-
sequently, RS-GPR and AEO-SVM models are developed to
map the discrete optimization space into a continuous opti-
mization space, with the highest-accuracy model selected as
the fitness function for subsequent multi-objective optimiza-
tion calculations. The MOPSO algorithm is then employed
to identify the Pareto front solution set within the machine-
learning-constructed continuous optimization space. Finally,
the Euclidean distances between the Pareto front solutions
and the ideal solution are computed using the TOPSIS
method. By ranking these Euclidean distances, the glob-
ally optimal solution is determined. The overall optimization
workflow is illustrated in Fig. 4.
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Figure 7. Response surface diagram for different structural parameters.

4 Analysis of optimization results

4.1 Orthogonal results analysis

An orthogonal test matrix for the nozzle was established, and
various cleaning indicators were calculated through simula-
tion, as shown in Table 2. Through range analysis, the op-
timal matching scheme for structural parameters can be ob-
tained when the three cleaning indicators (PP, PA, and PF)
achieve their combined optimum.

It should be noted that a frequency value of 1 does not
represent one cycle per second, but rather indicates that no
complete cycle was detected within the computed 0.5 s time
interval. Therefore, the value of 1 is assigned merely as a
placeholder. This approach prevents the frequency field from
being empty and, due to the normalization of the dataset, will
not affect the subsequent optimization calculations.

Applying the CRITIC method to the three evaluation met-
rics yields Table 3. The PA metric encompasses the largest
VOI, contributing 35.04 % to the composite metric. Next is
the PP, accounting for 33.94 % of the composite metric. The
PF metric covers the minimum VOI, contributing 31.02 % to
the composite metric.

Using the CRITIC method, the computationally derived
cleaning metrics were first dimensionless and assigned

Mech. Sci., 17, 699-712, 2026
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weights proportional to their information content. Range
analysis was then applied to these metrics, with the results
plotted in Fig. 5.

As shown in Fig. 5, the optimal level for the R; is Level 2,
the D, is Level 2, the self-oscillating cavity length is Level 3,
and the self-oscillating cavity diameter is Level 4. Thus, the
optimal structural parameter combination obtained through
orthogonal analysis combined with the CRITIC weighting
methodis Ry =0.5, D, =4.8, L1 = 8.0, and D3 = 14.0 mm.
Range analysis reveals the contribution rates of the four fac-
tors to the comprehensive index, as shown in Fig. 6. They can
be ranked by contribution as follows: Ry > L > D> > Ds.
The top three factors collectively account for approximately
87.36 % of the total contribution rate, while the contribution
rate of the self-oscillation cavity diameter is about half that
of the third-ranked lower-nozzle diameter; its contribution is
relatively minor. The subsequent construction of the com-
plete orthogonal system considers only the inlet fillet radius,
self-oscillation chamber length, and lower-nozzle diameter
as the key structural parameters.

4.2 Response surface analysis

Using the three key structural parameters analyzed in
Sect. 3.4 as optimization variables, a complete orthogonal

https://doi.org/10.5194/ms-17-699-2026
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array was constructed, resulting in 5° finite-element simula-
tion cases. Three cleaning metrics were extracted from the
computed cases to establish a discrete optimization space.
This discrete optimization space enabled the generation of
response surfaces for different parameters under various met-
rics, achieving the goal of visualizing the relationship be-
tween different structural parameters and their corresponding
metrics.

Figure 7a, d, and g shows the PP response surfaces ob-
tained from the complete orthogonal design. As shown in
Fig. 7a, when the nozzle diameter exceeds 5.5 mm, the PP
at the inlet fillet exhibits a downward-opening quadratic dis-

Label PF(Hz)
(f) ) Linear regression diagnostic plots of

AEO-SVM

tribution. In Fig. 7d, the PP gradually increases as the self-
oscillating cavity length decreases. In Fig. 7g, larger lower-
nozzle diameters and shorter self-oscillating cavity lengths
result in higher PP. Figure 7b, e, and h present the PA re-
sponse surfaces for impact force. As shown in Fig. 7a, the
value map closely resembles the peak map, exhibiting a max-
imum point. In Fig. 7e, the inlet radius forms a downward-
opening quadratic relationship with the amplitude. In Fig. 7h,
the PA gradually increases as the self-oscillating cavity
length decreases. Figure 7c, f, and i presents the response
surfaces for the pressure frequency PF. As shown in Fig. 7c,
the response surface formed by the inlet fillet and lower-



Multi-objective optimization result table.

Case R, D3y L, PP PA PF E;
Initial solution ~ 0.50 4.80 800 138 061 71429 0.16
Optimal solution  0.50 531 420 457 285 809.54 0.69

nozzle diameter is irregular but generally exhibits the char-
acteristic that the pressure frequency gradually increases as
the lower-nozzle diameter decreases. In Fig. 7f, the response
surface formed by the inlet radius and the self-oscillating
cavity exhibits a maximum point. In Fig. 7i, the overall im-
age shows that the frequency gradually increases as both the
lower-nozzle diameter and the self-oscillating cavity length
decrease.

In summary, variations in different structural parameters
exhibit significant interactive effects on cleaning perfor-
mance, indicating that global optimization is essential. To
establish a continuous optimization space, it is necessary to
identify a fitting model capable of effectively characterizing
nonlinear interaction effects.

Support vector machines (SVMs) are frequently employed in
image classification and nonlinear regression tasks. The se-
lection of their hyperparameters — regularization parameters
and kernel function parameters — directly impacts the final
fitting results. This paper utilizes the artificial ecological op-
timization (AEO) algorithm to address this issue. The SVM
model optimized by the AEO algorithm is subsequently re-
ferred to as the AEO-SVM model. This model, along with
the RS-GPR model, maps the discrete optimization space
into a continuous optimization space. The optimal model
among the two is selected to complete subsequent optimiza-
tion tasks. The kernel functions defined for the AEO-SVM
and RS-GPR models are the radial basis function kernel and
the Gaussian kernel, respectively.

The model was trained using three key variables as inputs
and the PP as the output. The training and testing data for
both models were plotted in linear regression diagnostic plots
(Fig. 8a-b). The RS-GPR model exhibits a relatively smaller
distance from the X =Y line for both training and test data,
whereas the AEO-SVM model shows a larger distance. This
indicates that the RS-GPR model possesses a stronger ca-
pability than the AEO-SVM model in constructing the con-
tinuous optimization space for PP. The mean absolute error
(MAE) and goodness of fit (R?) values of the AEO-SVM
model show little difference between the training and test
sets, indicating that no overfitting or underfitting occurred.
In contrast, the AEO-SVM model exhibits clear underfitting
characteristics.

The pressure amplitude PA was trained as the model out-
put to generate linear regression diagnostics (Fig. 8c—d).
Both models exhibited proximity to the X =Y line in both
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Pareto frontier surface plot.

training and test datasets, nearly forming a straight line.
Quantitative metrics MAE and R? were also observed: the
RS-GPR model demonstrated a 0.01 MPa reduction in train-
ing set MAE compared to AEO-SVM, while test set R? im-
proved by approximately 0.01. This indicates that the RS-
GPR model is slightly superior to the AEO-SVM model.
Training the model with the pressure frequency period as
the output yields the linear regression diagnostic plots shown
in Fig. 8e—f. Both models exhibited poor predictive perfor-
mance. The RS-GPR model achieved an MAE of 212.11 Hz
on the test set, representing a 53.01 Hz reduction compared to
the AEO-SVM model. Its RZ on the test set was 0.76, an im-
provement of 0.40 over the AEO-SVM model. This demon-
strates that the RS-GPR model significantly outperforms the
AEO-SVM model in predicting the impact force cycle.

In summary, the RS-GPR model effectively character-
izes the nonlinear relationships between structural parame-
ters and various evaluation metrics. Therefore, subsequent
studies employ RS-GPR to construct continuous optimiza-
tion spaces.

The Pareto front solution set obtained by solving within the
optimization space constructed by RS-GPR using MOPSO is
shown in Fig. 9. As the frequency gradually increases, both
the PP and the pressure amplitude decrease. This aligns with
practical observations. Considering the limiting case, when
the pressure frequency increases to infinity, the pressure am-
plitude decreases to O, indicating a water jet state. At this
point, the PP remains constant, and no cavitation reaction
occurs. Additionally, within the Pareto front solution set, it
can be observed that as the PP increases, the pressure ampli-
tude also gradually increases. However, the frequency pro-
gressively decreases. This further demonstrates that no solu-
tion set exists that simultaneously satisfies all performance
metrics.
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Table 4 shows the results obtained by calculating the
Pareto frontier using the TOPSIS method. Among these,
Case 1 represents the solution obtained through orthogonal
analysis, while Case 2 represents the solution obtained us-
ing the method proposed in this paper (abbreviated as the
global optimization solution). The optimal solution with the
best comprehensive cleaning performance on the Pareto fron-
tier is 0.69, with a chamfer radius of 0.5 mm, a lower-nozzle
diameter of 5.31 mm, and a self-oscillating cavity length of
4.20mm. The PP during cleaning is 4.57 MPa, the PA is
2.85MPa, and the frequency is 809.54 Hz. The orthogonal
optimization solution’s comprehensive cleaning performance
was 0.16. Compared to the orthogonal optimization solution,
the optimal solution to the method proposed in this paper
achieved improvements of 69.79 % in PP, 78.60 % in PA, and
11.77 % in PF. After global optimization, all cleaning met-
rics of the structural parameters showed significant enhance-
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ments over the orthogonal optimization solution, with the
comprehensive cleaning performance increasing by 77.39 %.

Figure 10 was obtained by extracting the gas-phase vol-
ume fraction map from the simulation results of the opti-
mal structure. Due to the presence of the inlet fillet, strong
shear forces exist between the high-speed jet and the station-
ary fluid medium within the resonant cavity. Significant cav-
itation occurs at the rounded corners. Due to the strong shear
forces, cavitation is elongated along the jet direction, causing
the gas mass fraction distribution in this region to exhibit a
shape that contracts near the inlet of the self-oscillating cav-
ity and diverges near its outlet. The fixed-angle collision wall
at the chamber outlet causes the formed discrete vortices to
spontaneously aggregate toward the self-oscillating cavity, as
depicted in the growth process shown in Fig. 10a—c. When
the cavitation vortex within the resonant cavity evolves to its
limit state (as shown in Fig. 10d), it begins migrating toward
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the central flow channel. This displacement compresses the
high-velocity jet within the central channel. The substantial
energy accumulated in the resonant cavity is instantaneously
released. The cavitation vortex continuously shrinks while
a large number of cavitation bubbles are ejected along with
the jet, forming a pulsed cavitation jet. The energy release
process is shown in Fig. 10e—f. After the nozzle completes
energy release, the cavitation vortex continues to shrink and
moves toward the central region of the resonant cavity, evolv-
ing further into the energy accumulation stage.

Figure 11 shows the turbulent kinetic energy distribution
contour map of the nozzle flow field at different time points.
As shown in the figure, due to intense cavitation phase transi-
tions and complex turbulent motion within the nozzle cavity,
a high concentration of turbulent kinetic energy exists around
the line connecting the inlet fillet and the collision wall. In
the external flow field, the pulsed cavitation jet undergoes in-
tense energy exchange with the liquid phase. A significant
velocity gradient exists between the high-speed jet and the
stationary liquid medium in the external flow field. Numer-
ous turbulent vortices are present within the shear layer of the
external flow field, resulting in high turbulent kinetic energy
intensity around the pulsed cavitation jet. During the growth
phase of cavitation vortices within the self-oscillating cavity,
the turbulent kinetic energy at the target plate is at its maxi-
mum. During the release phase of the internal cavitation vor-
tices, the turbulent kinetic energy is at its minimum.

As shown in Fig. 12, these are velocity distribution contour
plots of the cavitation jet nozzle flow field at different time
points during self-oscillating pulsation. The figure reveals
that the inlet nozzle velocity is consistently the highest, with
nearly uniform velocity distribution at the nozzle. Between
0.0203 and 0.0209 s, the velocity in the central flow chan-
nel of the outer flow field gradually decreases. This period
corresponds to the cavitation vortex growth and energy accu-
mulation stages, during which the core region of the jet is rel-
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atively short. This state is corroborated by the magnitude of
turbulent kinetic energy in Fig. 12. At 0.0211-0.0213 s, the
velocity length in the central flow channel of the outer flow
field gradually increases. The flow field enters the energy re-
lease stage, where the cavitation vortex compresses toward
the central flow channel while releasing a large number of
cavitation bubbles that move with the main jet, forming a
pulsed cavitation jet with extremely strong cleaning effects.

The inner walls and bottom of mud circulation tanks typi-
cally accumulate and adhere to substantial deposits of heavy
drill cuttings, barite, clay, and other substances. Traditional
manual cleaning or ordinary water jet cleaning methods are
inefficient, labor-intensive, and pose risks associated with
confined space entry. In response to the abundant micro-
jets and shock waves generated during cavitation bubble col-
lapse, the optimized structure developed in this paper demon-
strates superior cleaning performance. Meanwhile, it also
provides a theoretical basis for the subsequent application of
self-excited oscillation cavitating jet nozzles in the cleaning
of mud circulation tanks.

This paper employs orthogonal analysis to characterize the
effects of structural parameters of a self-excited oscillating
nozzle on cleaning performance. A multi-objective optimiza-
tion mathematical model linking structural parameters to
cleaning performance is established. The optimal structure is
determined using a multi-objective particle swarm optimiza-
tion algorithm combined with the TOPSIS method, thereby
providing an efficient and feasible engineering solution for
the automatic cleaning of mud circulation tanks. Key con-
clusions are as follows:

1. Different combinations of key structural parameters in
self-oscillating nozzles produce significant compound



effects on cleaning performance. Orthogonal analysis
reveals that the structural parameters affecting clean-
ing performance, ranked from strongest to weakest, are
inlet radius, self-oscillation cavity length, lower-nozzle
diameter, and self-oscillation cavity diameter. Among
these, the combined influence of inlet radius, lower-
nozzle diameter, and self-oscillation cavity length on
cleaning performance exceeds 87 %, making them key
optimization variables for research.

2. The globally optimal values for inlet radius Ry, lower-
nozzle diameter D3, and cavity length L; are 0.50, 5.31,
and 4.20 mm, respectively. Compared to the orthogonal
analysis structure, the multi-objective optimized struc-
ture achieved improvements of 69.79 %, 78.60 %, and
11.77 % in pressure peak, pressure amplitude, and fre-
quency, respectively, with an overall cleaning efficiency
enhancement of 77.39 %.

3. The velocity distribution, phase distribution, and turbu-
lent kinetic energy variations within the flow field of the
optimal structure were analyzed. The evolution mecha-
nism of the internal and external flow fields in the self-
oscillating pulsed cavitation jet nozzle was investigated
and explained.

Investigating the direct cleaning performance associated with
physical cleaning manifestations in benchmark tests that ex-
hibit strong engineering relevance constitutes the next phase
of our team’s research plan.
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