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Abstract

To enhance the atomization and evaporation performance of evaporative tubes, this study
employs an optimization design methodology based on a few-sample surrogate model.
By modifying the geometric parameters of the evaporative tube, we investigated how
structural parameters affect the Sauter Mean Diameter and evaporation rate. The optimiza-
tion process consisted of 100 initial CFD samples and five rounds of iterative parameter
additions, with six additional CFD re-computation samples added per round, resulting in a
total of 130 CFD evaluations for surrogate model updates and optimization validation. A
baseline configuration was used for relative improvement rate calculations and excluded
from the optimization sample count. After five rounds of optimization, the Sauter Mean
Diameter surrogate model achieved a maximum error of 4.80%, a mean error of 2.74%, and
an R2 modeling score of 0.962 in the fifth iteration. The evaporation rate surrogate model
demonstrated a maximum error of 14.27%, a mean error of 6.59%, and an R2 score of 0.988.
Based on statistics from 30 CFD re-computation samples generated across five iterations,
the SMD showed an average improvement of 24.26%, and the evaporation rate improved by
234.35%, demonstrating that this few-sample optimization approach effectively identifies
optimal design solutions with limited CFD evaluation resources.

Keywords: micro aeroengine; evaporation tube; atomization and evaporation; multi-
objective optimization

1. Introduction
As an important branch of modern engineering technology, micro aeroengines have

witnessed an expanding scope of applications and growing market demand. In particular,
unmanned aerial vehicles (UAVs) and small aircraft urgently require such efficient and
lightweight power sources. In the military field, micro aeroengines have been widely
applied in new weapon systems such as unmanned reconnaissance aircraft and unmanned
combat aerial vehicles. Their small size, light weight and low noise enable them to adapt to
complex and variable battlefield environments and improve operational efficiency. In the
civil field, micro aeroengines also show broad application prospects. Most UAVs used in
agriculture, logistics, disaster relief and other industries adopt micro aeroengines as their
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power source, whose performance directly affects the working efficiency and operating
radius of UAVs [1,2].

In aeroengines, fuel must first undergo atomization and evaporation and then be
fully mixed with air before entering the combustion chamber for combustion. In micro
aeroengines, evaporation tubes are mostly adopted for fuel supply, and the fuel atomization
and evaporation effect of evaporation tubes has a significant influence on the combustion
performance of the combustion chamber, such as the combustion efficiency, ignition and
flameout. Studies have shown that reducing the diameter of fuel droplets can improve the
efficiency of the combustion chamber [3–8].

Inside the evaporation tube, fuel atomization is mainly achieved by the breakup of
fuel droplets under aerodynamic force caused by the velocity difference between fuel and
air. Fuel absorbs heat from the tube wall in the evaporation tube, evaporates into gas
after reaching the boiling point, and then enters the combustion chamber for combustion.
To improve the atomization and evaporation performance of evaporation tubes, on the one
hand, the interaction between air and fuel droplets should be enhanced; on the other hand,
the heat transfer between the wall and the fuel–air mixture should be strengthened to raise
the fuel temperature and thus improve the evaporation effect [4,6].

Since there are many geometric parameters affecting the atomization and evaporation
performance of evaporation tubes, and there are coupling relationships among these param-
eters, the optimization of evaporation tubes is difficult and costly. Therefore, an algorithm
that can quickly find a satisfactory design scheme is of great engineering value.

For computationally expensive design problems, surrogate-based optimization has
become an effective approach for improving optimization efficiency [9–15]. Among vari-
ous surrogate models, Gaussian-process-based models are widely used because they can
accurately approximate highly nonlinear responses while providing predictive uncertainty
information for adaptive sampling and Bayesian optimization [16,17]. In addition, proper
design-of-experiments and sequential infill strategies can further improve the balance be-
tween global exploration and local exploitation, thereby reducing the number of expensive
simulations required [18]. Therefore, introducing a few-shot surrogate-based optimization
framework is a reasonable choice for the optimal design of evaporation tubes.

In this paper, CFD simulation is carried out on an evaporation tube with a straight
tube and spiral wall configuration. Firstly, the influence of each geometric parameter on
the atomization and evaporation performance of the evaporation tube is obtained through
single-factor analysis. Then, a few-shot optimization method is used to optimize the evap-
oration tube in a seven-dimensional space. Finally, the effectiveness of the optimization
method is verified by CFD validation. With only a small number of samples, multiple
optimized design schemes with significantly improved atomization and evaporation per-
formance are selected.

2. Numerical Calculation Method
2.1. CFD Calculation Method

In this paper, numerical calculations are carried out using Fluent in the commercial
software Ansys 2022 R1. The realizable k-epsilon two-equation model is adopted for turbu-
lence modeling. As an improved version of the k-epsilon family, it provides more accurate
turbulence simulations for flows with strong rotation, adverse pressure gradients and flow
separation, making it suitable for capturing the internal flow in spiral-wall evaporation
tubes. The fuel is represented by a single-component C12H23, and the Discrete Phase Model
(DPM) is employed for fuel simulation. This model is applicable when the particle volume
fraction is less than 10%, and inter-particle interactions are negligible. It tracks droplet
motion using the Lagrangian method and is widely used for simulating fuel evaporation.
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The Lagrangian wall film model is used for the droplet–wall interaction. A pressure-based
solver and the SIMPLE algorithm are adopted in the computation. The second-order
upwind scheme is used for the discretization of momentum, species and energy equations.

In addition, the parameters analyzed for fuel atomization and evaporation in this
study are the Sauter Mean Diameter (SMD) and fuel evaporation rate, which characterize
the atomization performance and evaporation performance of the evaporation tube, respec-
tively. SMD is a measure of the mean spray droplet diameter and is a built-in property in
Fluent that can be used to characterize the size distribution of spray droplets. Since SMD is
related to the surface area of particles, it can better reflect the evaporation characteristics
of fuel droplets. Therefore, SMD is adopted in this paper to describe the fuel particle size.
The formula for calculating SMD is given below:

SMD =
∑ niD3

i

∑ niD2
i

, (1)

where
Di — diameter of each droplet in the actual spray;
ni — number of droplets with diameter Di.
The fuel evaporation rate is defined as the ratio of the mass of evaporated fuel at the

evaporation tube outlet to the total fuel mass, and its calculation formula is given by

η =
m0

m
100%, (2)

where
m0 — mass of evaporated fuel at the outlet;
m — total mass of fuel.

2.2. Case Validation
2.2.1. Introduction to Geometric Model

The evaporation tube adopts a straight-tube configuration with a spiral wall, and its
geometric model is shown in Figure 1. This model can effectively enhance the shear
effect between air and fuel as well as the heat transfer between air and the wall, thereby
improving the atomization and evaporation performance [4,5]. There are nine parameters
controlling the evaporation tube, and the symbols and variation ranges of these parameters
are listed in Table 1.

Table 1. Geometric parameters.

Parameters Symbol Reference Value Parameter Variation Range

Total length of evaporation tube L/mm 60 50–70
Inner diameter of evaporation tube D/mm 3 2.5–3.5

Nozzle length l/mm 5 2–7
Nozzle diameter d/mm 0.5 0.3–0.7

Starting point of helix shelix/mm 15 10–20
Pitch of helix phelix/mm 15 10–20
Helix length lhelix/mm 30 20–40

Groove length lgroove/mm 1 0.5–1.5
Groove depth hgroove/mm 1 0.75–1.25

2.2.2. Parameter Settings

Pressure boundary conditions are applied at the inlet and outlet. The inlet gauge
pressure is 8000 Pa, the outlet gauge pressure is 0 Pa, and the inlet air temperature is 430 K.
When the geometric parameters of the evaporation tube are changed, the fuel mass flow rate
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at the inlet remains constant at 0.333 g/s, and the inlet fuel temperature is 300 K. The wall
temperature of the evaporation tube is 800 K, and the operating pressure is 290,000 Pa.
A no-slip boundary condition is adopted for the wall, and standard wall functions are used
for near-wall treatment.

Fuel nozzle

Air inlet
Outlet

Nozzle length

Nozzle diameter

Total length of the evaporation tube

Pitch of the helix

Height of the helix

Starting point of the helix

Depth of the groove

Length of the groove

Inner 
diameter 
of 
the 
evaporation 
tube

Figure 1. Geometric model diagram.

2.2.3. Grid Independence Verification

In this paper, mesh generation is conducted using ANSYS Fluent Meshing (Version
2021). A hybrid unstructured mesh is adopted, with hexahedral cells in the central region
and tetrahedral cells near the wall. Numerical calculations are performed with element
sizes of 0.3, 0.2, 0.16, and 0.12 mm, respectively, with the Sauter Mean Diameter (SMD)
and fuel evaporation rate as evaluation indicators. The results are listed in Table 2. It
is shown that when the element size is reduced to 0.16 mm, and the cell count reaches
1.31 million, the calculated values of SMD and evaporation rate tend to be stable. Therefore,
the subsequent calculations in this paper employ a grid size of 0.16 mm.

Table 2. Grid independence verification.

Grid Count/w Element Size/mm SMD/µm Evaporation Rate

33 0.30 88.33 19%
79 0.20 88.29 20%
131 0.16 89.78 16%
258 0.12 89.90 16%

3. Few-Shot Optimization Method
3.1. Sampling Method

In multi-objective optimization, a certain number of basic sample points are required.
The optimization problem in this paper is a seven-dimensional problem, and 100 basic
sample points are used. The sampling method adopted in this study is the Halton sequence
sampling method. Halton sequence sampling is a method for generating low-discrepancy
sequences (LDS), which is used to generate point sets in multi-dimensional space. Com-
pared with traditional random sampling methods, it can cover the unit interval space more
uniformly, thereby improving the prediction accuracy of the model. This idea is consistent
with the general principle of design of experiments for computer simulations, where a more
space-filling distribution of samples is preferred to improve the surrogate-model accuracy
and robustness [14,15,19]. The bases of the sequence are composed of a series of coprime
prime numbers, which can be expressed as

Xi = (ϕδ1(i), ϕδ2(i), . . . , ϕδn(i)), i = 0, 1, 2, . . . (3)

https://doi.org/10.3390/app16147169

https://doi.org/10.3390/app16147169


Appl. Sci. 2026, 16, 7169 5 of 14

where the inverse function of the base is defined as

ϕb∗(i) =
M1

∑
i=0

di(i)b−i−1 (4)

In the equation, i can be expressed as a number with base b:

i =
M1

∑
i=0

di(bi) (5)

3.2. Surrogate Model

To improve the decision-making accuracy of the model, the establishment of a sur-
rogate model is crucial. In this paper, Gaussian Process Regression (GPR) is employed
for modeling and analysis [17]. GPR is a non-parametric Bayesian method that describes
the relationship between inputs and outputs by constructing a Gaussian process model.
The core of Gaussian Process Regression lies in the covariance function (kernel function),
which defines the correlation between input variables. By training on the dataset, GPR can
estimate the covariance function between input and output variables, thereby identifying
the Gaussian process that best represents the data distribution.

The expression of Gaussian Process Regression (GPR) is given as follows:

f (x) ∼ GP(m(x), k(x, x′)) (6)

where f(x) is the objective function, m(x) is the mean function, k(x,x′) is the kernel function,
and GP denotes the Gaussian process.

Given a training dataset D = (xi, yi)
ni=1, the posterior distribution of the objective

function can be obtained using Bayes’ theorem:

f (x∗ | D, x∗ ∼ N(µ∗, σ2
∗)) (7)

where µ∗ and σ ∗ 2 are the mean and variance of the posterior distribution, respectively,
whose expressions are given as follows:

µ∗ = kT
∗ (K + σ2

τ I)−1y (8)

σ2 = k(x∗, x∗)− kT
∗ (K + σ2

v I)−1k∗ (9)

Here, K denotes the covariance matrix of the training set, y is the output vector of the
training set, k∗ represents the kernel function between the validation set and the training
set, and σ2 I denotes the noise variance of the training set. To ensure the reproducibility
of subsequent optimization processes, this paper proposes specific modeling parameters
based on the aforementioned GPR theoretical framework.

The optimized surrogate model presented in this paper is a Gaussian process regres-
sion model implemented using scikit-learn’s GaussianProcessRegressor, with separate
models established for SMD and the evaporation rate. All seven input geometric variables
and the output variable are standardized using StandardScaler to achieve zero mean and
unit variance; the prior mean of GPR employs a zero mean within the standardized space.
The model employs an isotropic kernel function combination, with a scalar feature length
scale rather than an anisotropic vector.

The kernel function comprises a combination of White Kernel, RBF, Rational Quadratic,
Matérn (ν = 2.5), and a second RBF layer; the initial noise variance is set to 0.1 with a
range from 10−5 to 101; the initial length scales for RBF are 10 and 0.1, corresponding to
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ranges from 10−2 to 104 and 10−4 to 102, respectively; the initial length scale for Rational
Quadratic is 1.0 with an alpha parameter of 10.0; the initial length scale for Matérn is 1.0.
The hyperparameters were estimated by maximizing the logarithmic marginal likelihood
using GaussianProcessRegressor, with the default L-BFGS-B optimizer employed without
additional restart settings; numerical noise was handled jointly by the White Kernel and
the default alpha parameter.

k = kwhite + kRBF,1 + kRQ + kMatérn + kRBF,2 (10)

The training/test split follows a 9:1 ratio. To prevent random partitioning from
inadvertently affecting small-sample model evaluations, the script selects partitions with
optimal R2 performance on the test set among values ranging from random_state = 0
to 99 for modeling; subsequent CFD samples are incorporated into the training dataset,
after which the surrogate model is retrained.

The goodness-of-fit test of the regression equation is used to examine the clustering
degree of sample points around the regression line, so as to evaluate how well the regres-
sion equation represents the sample points. The regression equation reflects the linear
influence of independent variables on the dependent variable. Therefore, the larger the
proportion of the regression sum of squares (SSA) in the total sum of squares of deviations
(SST), the higher the goodness-of-fit. As an indicator of the goodness-of-fit of the sample
regression line to the data, the coefficient of determination is given as follows:

R2 =
SSA
SST

=
∑n

i=1 (yi − ȳ)2

∑n
l=1 (yl − ȳ)2 = 1 − ∑n

i=1 (yl − yi)
2

∑n
l=1 (yl − ȳ)2 (11)

where SSA = ∑n
i=1 (yi − ȳ)2,SST = ∑n

l=1 (yl − ȳ)2.

4. Results of Single-Factor Analysis
The model has nine geometric parameters. To investigate the effects of these nine

parameters on the atomization and evaporation performance of the evaporation tube, five
uniformly distributed points within the parameter variation range are selected around
the baseline value of each parameter. Numerical simulations are carried out under the
same fuel mass flow rate and boundary conditions, and their control laws are summarized
separately. The results show that the inner diameter of the evaporation tube, spiral pitch,
and groove depth have the largest impact on its performance, whereas the total length of
the tube and groove length have the least influence; therefore, these parameters are not
optimized as variables.

Since most contour plots exhibit similar characteristics, one parameter with a strong
influence on atomization and evaporation performance and two parameters with obvious
contour features are selected for detailed single-factor analysis. The effects of the remaining
parameters on the atomization and evaporation performance are listed in Table 3.

Figure 2 presents the variation laws of the inner diameter, helical pitch, and helical
length of the evaporation tube on SMD and evaporation efficiency. It can be observed
that, as the inner diameter increases, the normalized SMD rises from 0.28 to 0.89, and the
normalized evaporation efficiency decreases from 1.0 to 0.0, indicating a remarkable impact
on the atomization and evaporation performance. With the increase in the helical pitch, the
SMD first decreases and then increases, while the evaporation efficiency declines gradually,
with a smaller influence compared with the inner diameter. As the helical length increases,
the SMD decreases gradually, and the evaporation efficiency increases continuously.
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Table 3. Results of single factor analysis.

Parameter SMD Evaporation Rate

Nozzle length first increases, then decreases gradually decreases
Nozzle diameter gradually increases gradually decreases

Helix starting point basically unchanged gradually increases
Groove depth gradually decreases gradually increases

(a) (b)

Figure 2. SMD and evaporation rate change chart. (a) Variation curve of SMD. (b) Variation curve
of evaporation.

4.1. Evaporator Tube Inner Diameter

The flow of the air–fuel mixture inside the evaporation tube can be divided into three
stages: the inlet section, the spiral section, and the outlet section. The inlet section refers
to the flow just after fuel injection, before entering the spiral wall. The spiral section is
where the fuel flows along the spiral structure; in this stage, the fuel has extensive contact
with the wall, making it the main stage for fuel atomization and evaporation. The outlet
section describes the flow after the fuel leaves the inner spiral wall. As can be seen from
the particle contours shown in Figure 3, in the spiral section, the smaller the inner diameter
of the evaporation tube, the more particles move close to the wall, and the smaller the
particle size of those swirling along the wall. This is because the spiral wall induces a
swirling effect on the fuel, which enhances the shear interaction between air and fuel
and promotes atomization. Moreover, when moving near the wall, the fuel is close to the
high-temperature wall, resulting in strong heat transfer and high temperature, which is
more favorable for reaching the boiling point and evaporating. This mechanism is further
supported by the temperature distribution in Figure 4. The smaller the inner diameter
of the evaporation tube, the more the air–fuel mixture near the center contacts the wall,
leading to stronger heat transfer from the wall to the mixture and thus a higher temperature.
In the outlet section, the smaller the inner diameter of the evaporation tube, the more fuel
particles continue to move along spiral trajectories toward the outlet, due to the strong
swirling effect after leaving the spiral wall [4–6].

4.2. Helical Pitch

The particle contours in Figure 5 show that, in the inlet section, an excessively small
helical pitch leads to the accumulation of a large amount of large-sized fuel near the front
of the spiral wall. This is because the small helical pitch results in high total flow resistance,
which slows down the air–fuel mixture and causes fuel accumulation. In the spiral section,
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when the helical pitch is too small, the fuel in the center of the evaporation tube is poorly
broken up due to the low flow velocity, resulting in large fuel droplets in the central region.
Conversely, when the helical pitch is too large, the number of spiral cycles is reduced,
leading to fewer collisions between fuel droplets and the wall and, thus, relatively larger
particle sizes. It can therefore be concluded that a stronger impact of fuel on the spiral wall
leads to better atomization and breakup effect. In the third stage (outlet section), when
the helical pitch is excessively small, almost no fuel particles continue to move spirally
after leaving the spiral wall, and the particle size is larger than that in the second stage.
This may be attributed to the mixing between the air–fuel mixture exiting the spiral region
and the fuel near the center that is less affected by the swirling flow. Although the strong
velocity difference along the tube axis promotes collision and mixing, the low flow velocity
leads to an increase in the average particle size. When the helical pitch is excessively large,
the swirling effect induced by the spiral wall is weak, resulting in fewer particles moving
along the spiral path and larger droplet sizes.

Figure 3. Particle cloud image comparison.

4.3. Helical Length

As shown in Figure 6, in the inlet section, the longer the helical length, the more
serious the accumulation at the front part, which can also be attributed to the increased
total resistance caused by the helical structure. In the spiral section, a larger helical length
corresponds to more spiral cycles. Since the spiral wall provides a longer duration for
accelerating fuel breakup, the breakup effect is improved, resulting in smaller fuel particle
sizes at the outlet. In the outlet section, when the helical length is short, the swirling effect
of the air–fuel mixture decays rapidly after leaving the spiral wall, and the particle size
increases instead after mixing with the central airflow. This further confirms the importance
of sufficient spiral length in maintaining the atomization and breakup effect.
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Figure 4. Comparison of temperature chart.

Figure 5. Particle cloud image comparison.
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Figure 6. Particle cloud image comparison.

5. Analysis of Optimization Results
This study conducted a seven-dimensional optimization of the evaporation tube,

with seven design variables: inner diameter, nozzle length, nozzle diameter, spiral line
starting point, spiral pitch, spiral height, and groove depth. The optimization objective
was to reduce the surface moisture content (SMD) and enhance the evaporation efficiency.
The optimization dataset comprised three phases: initial design, iterative point addition,
and CFD re-computation. The initial CFD sample set consisted of 100 cases, including 90 for
training and 10 for preliminary testing; during each of the five filling rounds, an additional
six candidate configurations were selected for CFD re-computation and incorporated into
the dataset, resulting in a total of 130 CFD evaluations throughout the optimization pro-
cess. One reference configuration in the dataset was used solely for relative improvement
rate calculation and was not included in the optimization sample count; when analyzing
geometric parameter uniqueness, since repeated CFD re-computations were performed for
two sets of configurations, the 130 CFD evaluations corresponded to 128 unique geomet-
ric configurations.

NCFD = 100 + 5 × 6 = 130 (12)

After five iterations, a total of 30 optimized conffgurations validated through CFD
were obtained. To visually validate the optimization outcomes, representative optimized
configurations were selected from the 30 CFD-verified solutions and compared with the
baseline case. As shown in Figure 7, the optimized designs exhibit significantly smaller
droplet sizes and more uniform particle distribution in the spiral section, which is consistent
with the improved SMD and evaporation rate predicted by the surrogate model.

The Pareto frontier is searched using the NSGA-II algorithm on the aforementioned
agent model [20]. The implementation employs geatpy’s moea_NSGA2_templet function
with real-number encoding, a population size of 500, a maximum generation count of
500, crossover probability of 0.9, and mutation probability of 0.1. Crossover and mutation
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operators utilize the default real-number encoding parameters provided by the template,
while distribution indices and other parameters follow geatpy’s default settings. The initial
population is randomly generated within the upper and lower bounds of seven variables;
constraints are enforced by maintaining these bounds. The algorithm terminates upon
reaching the maximum generation limit. Each optimization iteration runs independently
without pre-setting additional random seeds for NSGA-II. To unify the optimization ob-
jectives of minimizing the SMD and maximizing the evaporation rate, a benefit-based
minimum–maximum normalized metric is defined as follows:

dSMD(i) =
D32,max − D32(i)
D32,max − D32,min

(13a)

dη(i) =
η(i)− ηmin

ηmax − ηmin
(13b)

Φ(i) = wSMD dSMD(i) + wη dη(i) (13c)

ibest = arg max
i

Φ(i) (13d)

wSMD ≥ 0, wη ≥ 0, wSMD + wη = 1 (13e)

Figure 7. Particle cloud image comparison of optimized results.

In the formula, the SMD is optimized when its value is smaller; thus, the difference
between the maximum D32 value and the current value is used to represent the SMD
efficiency. Similarly, the evaporation rate is optimized when its value is larger; therefore,
the increase in the current evaporation rate relative to the minimum evaporation rate is
employed to measure the evaporation efficiency. Throughout the text, η is consistently
used to denote the evaporation rate.

After five rounds of multi-objective optimization, the prediction accuracy of the SMD
and evaporation rate surrogate models is summarized in Table 4a,b. The “R2 modeling
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score” in Table 4b represents the coefficient of determination, indicating the model’s con-
sistency in fitting or predicting the corresponding sample points; maximum and average
errors are calculated based on six additional CFD re-computation samples per iteration,
while the relative prediction error is defined as

εi =
|ypred,i − yCFD,i|

|yCFD,i|
× 100% (14)

Table 4. Proxy model accuracy of SMD and evaporation rate in five round points. (a) Accuracy of the
SMD surrogate model after five rounds of infill points. (b) Accuracy of the evaporation rate surrogate
model after five rounds of infill points.

(a)

Number of Adding Points Rounds Number of Added Points Maximum Error Average Error R Modeling Score Average SMD Value

1 6 10.59% 5.35% 0.935 6.85 × 10−5

2 6 23.61% 11.76% 0.960 7.70 × 10−5

3 6 5.22% 2.37% 0.964 6.34 × 10−5

4 6 2.25% 1.18% 0.972 6.52 × 10−5

5 6 4.80% 2.74% 0.962 6.35 × 10−5

(b)

Number of Adding Points Rounds Number of Added Points Maximum Error Average Error Modeling Score Average Evaporation Rate Value

1 6 24.49% 12.58% 0.850 0.564
2 6 42.31% 14.94% 0.879 0.548
3 6 6.47% 2.76% 0.940 0.585
4 6 13.35% 5.35% 0.869 0.570
5 6 14.27% 6.59% 0.988 0.567

As shown in Table 4b, the error does not decrease monotonically with an increasing
number of iteration rounds: the SMD exhibits the lowest maximum and average errors
in the fourth round, while its R2 value drops from 0.972 to 0.962 in the fifth round; the
evaporation rate shows the lowest average error in the third round but achieves the highest
R2 value in the fifth round. This phenomenon indicates that adding new samples improves
the overall coverage of the response surface, yet local prediction errors may still increase
when candidate points are located in regions with high evaporation rates or significant local
gradients. The primary objective of the five-round iterative point addition process is to
enhance the coverage of candidate regions and obtain optimized configurations verifiable
by CFD simulations.

6. Conclusions
Through single-factor analysis and quantitative sensitivity calculations, this study

elucidates the influence patterns of key geometric parameters of spiral-walled evaporative
tubes on atomization and evaporation performance. The surface mean droplet diameter
(SMD) is primarily influenced by the nozzle diameter, inner tube diameter, and groove
depth; the evaporation rate depends mainly on the inner tube diameter, groove depth, helix
height, and helix pitch; while the combined effects of total tube length and groove length
are relatively minor. Based on these findings, this study employed Halton sampling, GPR
surrogate models, and NSGA-II for small-sample optimization in a seven-dimensional
space, generating 130 CFD simulations. Statistical analysis of 30 five-round incremental
CFD runs revealed a baseline evaporation rate of 0.1695, with optimized configurations
achieving rates ranging from 0.4693 to 0.6382—a relative improvement of 176.92–276.61%
(average improvement: 234.35%)—and an average SMD reduction of 24.26%, corroborating
insights with single-factor analysis findings.
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The relative improvement rate and average improvement rate of evaporation are
calculated using the following formulas:

Iη(i) =
ηopt,i − η0

η0
× 100% (15)

Iη,mean =
1

Nopt

Nopt

∑
i=1

Iη(i), Nopt = 30 (16)

The physical mechanism behind the significant increase in the evaporation rate lies
in the following: A smaller inner diameter of the evaporation tube enhances near-wall
vortex formation and the probability of oil droplets contacting the high-temperature wall
surface; a smaller nozzle diameter reduces the initial droplet size; an appropriate spiral
pitch combined with a longer spiral section extends the duration of droplet shear, breakup,
and heat transfer along the wall surface; while secondary flows induced by groove depth
and liquid film disturbances further enhance fuel spreading and evaporation. While the
baseline configuration exhibited an evaporation rate of only 0.1695, the optimized config-
uration achieves an absolute evaporation rate improvement of approximately 0.47–0.64,
corresponding to a relative increase exceeding 200%. It should be noted that these conclu-
sions are still limited to the current CFD-DPM model and sample dataset; future studies
will validate model robustness through experimental verification, residual history analysis,
and more comprehensive sensitivity analyses using advanced physical models.
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