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Abstract: A multitask learning (MTL) model based on artificial neural networks (ANNs) is
proposed in this study to improve the prediction accuracy and physical reliability of marine
propeller hydrodynamic performance. The propeller’s comprehensive geometric features
are used as inputs, and the coefficients of quadratic polynomials for the thrust coefficient
(KT) and torque coefficient (10KQ) curves are predicted as outputs. The loss function is
customized through a positive gradient penalty of the curves to accelerate training. When
the single-task and multitask models were compared, the prediction errors were reduced;
KT decreased from 2.61% to 2.07%, 10 KQ decreased from 3.58% to 2.31%, and the efficiency
(η) decreased from 3.04% to 2.00%. Non-physical fluctuations in the performance curves
were effectively mitigated by the multitask model, yielding predicted curvatures which
closely matched the experimental data. Strong generalization was demonstrated when the
model was tested on unseen propellers, with deviations of 2.2% for KT, 4.6% for 10 KQ,
and 3.8% for η. Finally, the model was applied to optimize the propeller design for a
325,000 ton very large ore carrier ship, where a Pareto front with 58 non-dominant solutions
for the maximum speed and fluctuating pressure was successfully generated and effectively
verified by the model’s test results. The model enhanced the prediction of the propeller
performance and contributed to optimization in the propeller’s design.

Keywords: multitask learning; fast prediction; marine propeller; optimization design;
open-water performance

1. Introduction
Propellers are the preferred propulsion system for commercial vessels due to their

simple design, low manufacturing costs, and reliable propulsion efficiency [1]. As a critical
component of the vessel’s power system, the propeller plays a significant role in determin-
ing the key performance metrics, such as speed and noise levels. Consequently, its design
is a crucial aspect of overall ship design [2]. During the propeller design process, hydrody-
namic performance must be addressed first, as it is essential for optimizing the matching
of the ship-engine-propeller system and directly influences the propeller’s load, thrust,
and propulsion efficiency. Although methods for predicting a propeller’s hydrodynamic
performance have been well established, the increasing trend toward larger, faster, and
more environmentally sustainable vessels presents new challenges in propeller design [3].
As a result, higher accuracy and faster prediction times for propeller performance are now
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required. Improving the ability to predict a propeller’s hydrodynamic performance has
thus become a critical priority for propeller designers.

The hydrodynamic performance of a propeller is primarily represented by its open-
water performance curves, which provide a comprehensive description of the propeller’s
behavior under various operating conditions. Traditional methods for predicting open-
water performance include the chart method [4], potential flow method [5], open-water
model testing, and computational fluid dynamics (CFD) simulations. However, the chart
method is limited to specific propeller series, and the potential flow method often fails to
meet design accuracy requirements due to neglecting fluid viscosity. Open-water model
testing [6] is regarded as the most reliable and accurate method for predicting propeller
performance. However, due to the lengthy test periods and high costs, these experiments
are typically reserved for the verification and confirmation of critical design schemes. Over
the years, the CFD method has developed to the point where its predictive accuracy can
meet the requirements of propeller engineering design. Researchers have established
various numerical methods for simulating propeller rotation and predicting open-water
performance, including those based on multiple reference frames (MRFs) [7] and the sliding
mesh [8] and overset mesh techniques [9]. Furthermore, studies have been conducted on the
uncertainty analysis of open-water performance predictions using CFD [10], leading to the
development of numerical prediction platforms for propeller hydrodynamic performance,
with commercial solvers like Fluent at their core [11]. In response to the increasing demands
for improved propeller efficiency, noise reduction, and other performance criteria, global
optimization algorithms are being increasingly employed by propeller designers [12,13].
These algorithms facilitate rapid iterative design processes within a larger design space,
allowing for the identification of propeller configurations which optimize the overall
performance. CFD methods are heavily reliant on computational hardware, and their
relatively low computational efficiency remains insufficient to meet the rapid iteration
needs of global optimization algorithms. In recent years, machine learning algorithms,
particularly artificial neural networks (ANNs), have found widespread application in
maritime engineering. These algorithms have demonstrated significant capabilities in
nonlinear fitting and rapid prediction across a range of areas, including the design of
key ship parameters [14], real-time shaft power estimation [15], and safety evaluations
under extreme weather conditions [16]. As a result, machine learning has emerged as
a promising tool for advancing the rapid and accurate prediction of a propeller’s open-
water performance.

Currently, the ANN has established a solid foundation in the prediction of open-water
performance for propeller diagrams. In 2002, Feng et al. [17] utilized a neural network with
two hidden layers to train the hydrodynamic data of the AU5 series propeller, validating the
feasibility of this approach by comparing it with regression analysis data. In 2005 and 2007,
Koushan [18,19] developed BP neural network models to calculate the thrust and torque
for the Newton-Rader and Gawn-Burrill series of propellers, respectively. In 2006, the
U.S. Naval Surface Warfare Center (NSWC) [20] applied ANNs to develop hydrodynamic
prediction models for Wageningen B-series and Ka-series ducted propellers. These models
were capable of accurately predicting four-quadrant thrust and torque values. In 2010, Zeng
et al. [21] employed BP neural networks to train the hydrodynamic performance test data
from the semi-submersible propeller series developed by the China Ship Scientific Research
Center (CSSRC). The absolute error of the thrust and torque coefficients was within 1%, and
this model was subsequently used for rapid multi-objective optimization of ship propellers.
In 2015, Marko [22] from the University of Rijeka further refined the neural network
prediction model for Ka-series ducted propellers, paving the way for the development of
more generalized models for complex hydrodynamic predictions of azimuth thrusters. In
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2023, Li et al. [23] constructed a propeller series diagram based on the INSEAN E1619 parent
propeller to analyze the applicability of five regression algorithms—RF, AdaBoost, GBDT,
SVMs, and ANNs—for digitizing open-water performance data of large skew propellers.
The study found that the SVM had the smallest prediction error, reducing the error by more
than 20% compared with the traditional linear regression method.

However, the generalization capabilities of the above ANN model are quite limited
due to the unique characteristics of the diagrams themselves. These models can only predict
performance for the specific diagram configurations they were trained on. In response to
this limitation, researchers have been working toward the development of more generalized
rapid prediction models for propeller performance. In 2020, Bakhtiari et al. [24] trained a
neural network using CFD data and proposed a mathematical function for the open-water
hydrodynamic coefficients of low-pitch MCP propellers. In 2022, Qiang et al. [25] collected
data from 66 commercial ship propellers and their corresponding open-water test results,
using the propeller’s main parameters as inputs to build a surrogate model for predicting
open-water performance. However, the training dataset was relatively small, and the
input parameters were limited to the blade number, area ratio, and pitch ratio at 0.7R.
In 2023, Qiang et al. [26] further advanced the use of dimensionality reduction methods
for extracting geometric features of propellers. Their findings revealed that automatic
feature extraction significantly improved the accuracy of prediction models compared to
using full-feature or primary-feature input. In 2024, Li et al. [27] collected a larger and
more standard propeller dataset from physical testing. Meanwhile, a dimension reduction
method based on comprehensive features was proposed to reduce the data demand for the
prediction model training. This helped improve the prediction accuracy effectively and
enable the prediction model to identify propeller load variations resulting from overall or
local adjustments in pitch distribution.

Despite these advancements in applying machine learning algorithms to propeller
design, certain challenges remain. Rapid prediction models for open-water performance
still fall short of meeting practical engineering requirements in terms of prediction accu-
racy, physical reliability, and generalization. For instance, existing models often predict
open-water performance at a single advance coefficient without considering the physical
correlation between thrust and torque coefficients across different advance coefficients.
This omission leads to non-physical fluctuations in the hydrodynamic performance across
various conditions for the same propeller, which can introduce errors in the design process.

Therefore, it is essential to integrate physical principles and utilize multitask learning
(MTL) methods to develop predictive models for the complete thrust and torque curves
of propellers. Compared with single-task learning models, MTL models have the distinct
advantage of being able to predict multiple objectives simultaneously within a single
framework. In these models, different tasks share model parameters, regularization tech-
niques, and loss functions, allowing them to leverage the correlations between tasks to
improve both generalization and predictive performance. Utilizing an ANN for MTL is not
a new concept; it was first introduced in the 1990s [28,29], and its effectiveness has been
demonstrated in a variety of fields [30,31], including both related and unrelated tasks [32].
The maritime and propulsion fields have also seen applications of this approach. For
example, in 2020, Mliglianti et al. [33] developed a data-driven, physics-informed deep
neural network using MTL, integrating cavitation tunnel test data and flow characteristics
computed by the boundary element method (BEM). This model was designed to predict
the cavitation noise spectrum of propellers during the design phase and holds promise for
eliminating the need for propeller model testing, thereby accelerating the design process.
In 2023, Loukas et al. [34] introduced an MTL-based model for predicting ship fuel con-
sumption which simultaneously forecasts fuel consumption for both the main and auxiliary
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engines. Validation results showed that this multitask model improved the R2 scores and
reduced prediction errors compared with single-task models. That same year, Liu et al. [35]
proposed a multitask deep learning model aimed at analyzing interactions between ships,
predicting both ship trajectories and potential collision risks. This model demonstrated
a significant improvement in prediction time scales, outperforming other methods by an
order of magnitude.

This study addresses the growing demand for improved hydrodynamic performance
for marine propellers by developing an experimental dataset for the open-water perfor-
mance of merchant ship propellers augmented with B-series chart data. Expert knowledge
is incorporated, and feature extraction techniques, including the comprehensive feature
representation and polynomial fitting methods, are applied to the propeller’s geometric pa-
rameters and open-water performance curves. Based on this dataset, single-task and MTL
models are developed using multilayer ANNs. The effect of varying hidden-layer neuron
counts on the prediction accuracy is analyzed, leading to the creation of rapid prediction
models for thrust and torque coefficients. A thorough comparison between the multitask
and single task models is conducted, focusing on prediction accuracy and the physical
realism of the performance curves. The generalization capability of the multitask model is
further validated using three previously unseen propellers from the test set. Finally, the
multitask prediction model is applied to optimize the propeller of a 325,000 ton VLOC. A
multi-objective optimization framework is established by integrating the quantum particle
swarm optimization (QPSO) algorithm, targeting both the maximum speed and induced
fluctuating pressure performance. Iterative solutions yield an effective Pareto front, and
the reliability and rationality of the optimization parameters are thoroughly assessed. The
findings provide reliable methods for propeller performance prediction and optimization,
offering valuable insights for the application of machine learning algorithms in marine
propeller design. The overall research approach is illustrated in Figure 1.
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2. Data Description
2.1. Data Collection

The dataset used for training the models in this study consisted of two components:
proprietary propeller data from the CSSRC and publicly available propeller data from
Wageningen B-series diagrams. Figure 2 illustrates the composition of the propeller dataset.
The proprietary data from the CSSRC primarily originates from historical open-water
propeller tests conducted in a CSSRC towing tank, as well as propeller tests designed by the
CSSRC and conducted at other laboratories. These tests encompassed propellers for bulk
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carriers, container ships, and oil tankers. In total, this dataset includes 127 propellers with
complete geometric data and corresponding open-water performance curves. However, the
parameter distribution within this dataset is relatively concentrated. As shown in Figure 3,
most propellers are four-bladed or five-bladed, with a smaller representation of six-bladed
propellers and an almost negligible number of three-bladed propellers. To address this
limitation and enhance the dataset, additional data from Wageningen B-series propeller
diagrams were incorporated. This augmentation added 126 propeller models with varying
blade counts, blade area ratios, and pitch ratios. Figure 4 compares the parameter space
distribution of the propeller samples before and after dataset enhancement, focusing on
four representative dimensions: blade count, pitch ratio, area ratio, and skew angle. The
inclusion of the B-series propeller data significantly expanded the parameter space and
yielded a more uniform sample distribution, which would greatly benefit the predictive
model’s performance by improving its generalization capability. Given the strong similarity
in geometric characteristics among the B-series propellers, these data would be used only
for training the prediction models to ensure their reliability.
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The raw propeller data included two parts: raw geometric data and raw open-water
performance data. Figure 5 presents an example of the standard propeller raw data. In
the figure, the geometric data of the propellers include the number of blades, hub ratio,
and main parameters. The main parameters consisted of six components: the pitch ratio
(P/D), maximum thickness ratio (Tmax/D), chord length ratio (C/D), skew angle (θs), rake
ratio (ZR/D), and maximum camber ratio (fmax/C). Here, D is the propeller diameter. The
open-water performance data of the propellers included the advance coefficient (J), thrust
coefficient (KT), torque coefficient (10KQ), and open-water efficiency (η). These data were
obtained in laboratory conditions by measuring the thrust and torque of the propeller at
discrete advance coefficient points. Efficiency was derived from the thrust and torque
coefficients, with the specific calculation formulas provided in Equations (1)–(3). Here, n is
the rotation speed of the propeller:

KT =
T

ρn2D4 (1)

10KQ =
10Q

ρn2D5 (2)

η =
KT
KQ

J
2π

(3)
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2.2. Target Feature Extraction

In previous studies, single-task prediction models were commonly developed using
thrust and torque coefficients at individual advance coefficients as target values. However,
the lack of correlation between the thrust and torque values at different advance coefficients
for the same propeller often leads to characteristic curves with anomalous fluctuations
which do not align with the physical reality of the open-water data. To address these issues,
this study proposes the development of a multitask prediction model targeting the entire
open-water performance curve of a propeller, aiming to improve both modeling efficiency
and accuracy. Initially, feature extraction from the propeller’s open-water performance
data is required. Research indicates that polynomials, as shown in Equations (4) and (5),
can achieve high-precision regression for propeller data [36,37]. For a specific propeller,
the pitch ratio and area ratio are constants, thus simplifying the formulas for polynomials
in terms of the advance coefficient, as shown in Equations (6) and (7). Figure 6 further
gives the diagram of feature extraction for a propeller’s open-water performance curves
using polynomials. This implies that the polynomial coefficients represent all the charac-
teristics of the open-water performance for a given propeller. Differences in open-water
performance among various propeller designs can be effectively expressed through these
polynomial coefficients:

KT =
n

∑
i=1

CTi Jsi (
P
D
)ti (

AE
Ao

)ui (4)

10KQ =
n

∑
i=1

CQi Jsi (
P
D
)ti (

AE
Ao

)ui (5)

KT =
n

∑
i=1

CTi Jsi (6)
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n

∑
i=1

CQi Jsi (7)
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Selecting an appropriate polynomial order is crucial. While higher-degree polynomials
can enhance the precision of the representation of propeller open-water characteristic
curves, they can also lead to excessive dimensionality of the extracted features, which is
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detrimental to the construction of open-water performance prediction models. Therefore,
both second-order and third-order polynomials, with the advance coefficient as the variable,
were used to fit the propeller open-water performance dataset. The following formula was
employed to analyze the fitting truncation error:

MAPE =
1
n

n

∑
i=1

∣∣∣∣∣∣ (
∧
yi − yi)

yi

∣∣∣∣∣∣× 100 (8)

where, MAPE is the mean absolute percentage error,
∧
yi is the fitted value of the thrust

coefficient KT and torque coefficient KQ, and yi is the true value of the thrust coefficient KT

and torque coefficient KQ. Figure 7 illustrates the truncation errors for the fittings using
both second-order and third-order polynomials. For the second-order polynomial, the
fitting truncation errors for KT and 10KQ were approximately 0.4%. In contrast, for the
third-order polynomial, the truncation errors for KT and 10KQ were within 0.2%. This
indicates that both second-order and higher-order polynomials can achieve high-precision
fitting of the propeller open-water curves. Considering both the dimensionality of the
target features and fitting accuracy, a second-order polynomial was selected for feature
extraction of the KT and 10KQ curves of each propeller. Specifically, the feature parameters
for the KT curves were CT1, CT2, and CT3, while those for the 10KQ curves were CQ1, CQ2,
and CQ3, as defined by Equations (9) and (10):

KT = CT1 + CT2 J + CT3 J2 (9)

10KQ = CQ1 + CQ2 J + CQ3 J2 (10)
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2.3. Input Feature Extraction

The large number of geometric parameters associated with propellers, which can
exceed 100, poses a challenge when all are used as inputs for prediction models. For small
sample datasets like those for ship propeller open-water performance, this can lead to the
“curse of dimensionality”. This not only increases the computational complexity of the
model but also significantly reduces the model’s generalization ability [38]. To address
this issue and enhance the dataset, a statistical representation of the propeller’s main
parameters was developed, which was proven to be effective in our previous study [27].
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This approach has led to the derivation of five comprehensive features, namely the effective
pitch, effective camber, area ratio, skew span, and rake span, which describe the radial
distribution characteristics of the propeller’s pitch, camber, chord length, skew, and rake.
The specific derivation process is as follows:

(1) Effective pitch:

PE =
∫ 1

Hr
rP(r)C(r)dr/

∫ 1

Hr
rDC(r)dr (11)

where r is the radius ratio of the section, Hr is the hub ratio, D is the propeller diameter,
P(r) is the pitch ratio distribution in the radial direction, C(r) is the chord length
distribution in the radial direction, and PE is the effective pitch.

(2) Effective camber:

fE =
∫ 1

Hr
r( fmax(r)/C(r)) C(r)dr/

∫ 1
Hr

rC(r)dr
=

∫ 1
Hr

r fmax(r)dr/
∫ 1

Hr
rC(r)dr

(12)

where fmax(r) is the maximum camber distribution of section in the radial direction
and fE is the effective camber.

(3) Area ratio:

AEO = AE/Ao (13)

where AE is the sum of the areas contained in the stretched profile of each pro-
peller blade, which is related to the blade number Hr and C(r), Ao is the disc area
(Ao = πR2), and R is the propeller radius.

(4) Skew span:

θsa = max(θs(r))− min(θs(r)) (14)

where θsa is the skew span, which is calculated by subtracting the minimum
skew(min(θs(r))) from the maximum skew(max(θs(r))) in the radial direction.

(5) Rake span:

ZTa = ZT(r = 1)− ZT(r = Hr) (15)

ZT(r) = ZR(r) + rθs(r) tan βp(r) (16)

where ZTa is the rake span, calculated by subtracting the total rake in the root section
(ZT(r = 1)) from the total rake in the tip section (ZT(r = 1)), ZR(r) is the local rake
distribution in the radial direction, and βp(r) is the pitch angle distribution in the
radial direction, which can be calculated from the pitch distribution P(r).

The thickness distribution of propeller blades primarily influences the structural
design and has a relatively minor impact on hydrodynamic performance. Therefore, it was
not considered in this analysis. Ultimately, the input features for the model were selected
to include two specific parameters—the number of blades and hub ratio—as well as five
comprehensive parameters: the effective pitch, effective camber, area ratio, skew span,
and rake span. These parameters collectively served as the input features for the model.
Figure 8 presents the process of geometric feature extraction.
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3. Architecture Design of Artificial Neural Networks
An ANN is a black box model which simulates the functioning of brain neurons and

is currently among the leading algorithms in machine learning, with extensive applications
in the maritime industry [39,40]. The multi-layer perceptron (MLP) algorithm used in this
study is a type of feedforward neural network. It typically comprises one input layer, one
output layer, and one or more intermediate hidden layers, with the neurons in each layer
fully connected to those in the adjacent layers. The strength of each connection is defined
by weights and biases. The input layer is responsible for receiving and transmitting the
input data to the hidden layers. Each neuron in the hidden layers computes a weighted
sum of its inputs and applies an activation function to pass the result to the next layer.
The output layer consists of one or more neurons which receive data from the hidden
layers and provide the final output. During the network training process, the weights of
the connections are adjusted to minimize the loss function, thereby learning the optimal
network parameters suited to the specific dataset. Figure 9 illustrates the operational
principle of an artificial neural network.
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In this study, the goal of modeling a propeller’s open-water performance prediction
is to forecast the open-water characteristic curves of a propeller based on specific geo-
metric inputs, framed as a supervised regression learning problem. This problem can be
approached using either a single-task learning model or an MTL model. The following
sections will introduce both the single-task learning network and the MTL network based
on the MLP algorithm.

3.1. Single-Task Learning Networks

In single-task learning modeling, multiple inputs correspond to a single output. This
approach is commonly used in existing rapid prediction models for propeller open-water
performance. Specifically, the open-water characteristic curves of a propeller are discretized
into operational points at specific advance coefficient intervals, with separate models
developed to predict the thrust and torque coefficients at each operational point. Figure 10
presents the architecture of the single-task learning network. In this study, separate models
were developed for predicting the thrust coefficient and the torque coefficient. While the
network architectures and input parameters for both models were identical, the target
values differed. The input layer consisted of eight neurons; seven neurons represented
the seven geometric feature parameters of the propeller, and one neuron represented the
advance coefficient condition. The network included two hidden layers, with the number
of neurons in each hidden layer determined based on the specific training requirements
of the dataset. Research indicates that an MLP network with two hidden layers can meet
the fitting needs of most regression problems. Excessive hidden layers can lead to network
complexity, resulting in a significant increase in computational load and a higher risk of
overfitting. The output layer contained a single neuron, which corresponded to either the
thrust coefficient or the torque coefficient.
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The ReLU [41] activation function is employed in the network to implement nonlinear
transformations. The function is defined in Equation (17). During backpropagation, the
network computes the gradient of the loss function with respect to the weights layer by
layer, starting from the output layer. The Adam optimization algorithm [42] is used to
optimize the weights and biases until the loss function converges or the number of iterations
reaches the preset condition. In single-task learning, the loss function is defined as the

mean squared error (MSE), given by Equation (18). Here,
∧
yi is the fitted value of the thrust
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coefficient KT and torque coefficient KQ, yi is the true value of the thrust coefficient KT and
torque coefficient KQ, and n denotes the number of data points:

ReLU(x) = max(0, x) (17)

MSE =
1
n

n

∑
i=1

(yi −
∧
yi)

2

(18)

3.2. Multitask Learning Networks

In the single-task learning model, the functional form of the propeller’s open-water
performance curve is not considered. This means that potential functional relationships
between the hydrodynamic forces at different operating conditions are ignored. Such
relationships not only represent the physical constraints of the propeller’s open-water
performance but may also contribute to improved modeling accuracy. In contrast, the MTL
model does not focus on predicting the hydrodynamic performance at a single advance
coefficient. Instead, it directly predicts the polynomial coefficients of the entire open-water
thrust coefficient or torque coefficient curves. Figure 11 illustrates the architecture of the
MTL network. The number of network layers remained the same as in the single-task
learning network, but there were differences in the number of neurons in the input and
output layers. Specifically, the number of neurons in the input layer was reduced to seven,
focusing solely on the geometric feature parameters. The output layer consisted of three
neurons, each corresponding to one of the three quadratic polynomial coefficients for the
thrust coefficient curve or the torque coefficient curve.
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In the multitask model, the activation function and iterative optimization algorithm are
identical to those used in the single-task learning model. However, a key challenge in MTL
is the need to combine the predictions for multiple target variables using methods such as
weighted averaging, which guides the model toward optimal performance. For a given
target propeller, there can be multiple combinations of quadratic polynomial coefficients
which can achieve the desired hydrodynamic curves within a certain forecast error range.
Therefore, it is not necessary for all three polynomial coefficients to be strictly the same or
extremely close to the target values. This implies that using the MSE of the target values
directly as the loss function may not yield the model with the best accuracy.
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To address this, a custom loss function is defined for the MTL model. First, the
polynomial coefficient predictions and true values are converted into the predicted and
actual thrust and torque coefficients within the respective advance coefficient range as
described by Equations (9) and (10). Then, the MAPE for each propeller is calculated using
Equation (8). The average MAPE error across all samples in the training set is used as
the loss function. Additionally, based on physical understanding, in the non-cavitating
state and operating within the first quadrant, the thrust and torque coefficients of the
propeller decrease as the advance coefficient increases. Therefore, the gradient of the thrust
and torque coefficient curves should be negative within the advance coefficient range
considered in this study. To incorporate this physical constraint into the model training,
a penalty term was added to the loss function to guide the optimization direction [43].
Specifically, if the first derivative of the predicted quadratic polynomial was more than
zero, then a significant penalty was applied to the loss function, driving the network model
parameters toward optimal values. Figure 12 illustrates the process of customizing the
loss function.
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4. Modeling Approach
4.1. Model Training Procedure

Figure 13 illustrates the detailed modeling process, with the model training conducted
within PyTorch. The dataset was partitioned into three subsets. Initially, three propellers
with different numbers of blades (one each with 4 blades, 5 blades, and 6 blades) were
randomly selected from the 127 engineering propeller samples to serve as test samples,
assessing the model’s predictive capability. The remaining 124 engineering propeller
samples were then randomly divided into training and validation sets at a ratio of 70%
to 30%. Specifically, 87 samples were allocated to the training set, and 37 samples were
allocated to the validation set. All 126 B-series propeller samples were included in the
training set, resulting in an enhanced total of 213 training samples. Figure 14 presents the
propeller dataset partition details in this study.
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It is important to note that the sample size for the MTL model was calculated based on
the number of propellers, while for the single-task learning model, it was calculated based
on the number of open-water performance data points at different advance coefficients.
Thus, for single-task learning, each propeller sample was further divided into multiple
samples at various advance coefficients with an interval of ∆J = 0.05. This aspect is not
detailed here. Upon completion of the dataset partitioning, the StandardScaler [44] module
was used to standardize the training data. The transformation formula is as follows:

X′ =
X − µ

σ
(19)

where X′ indicates the standardized input variable value, X is the true value of the in-
put variable, µ is the mean of the input variable, and σ is the standard deviation of the
input variable.

During the training of neural networks, multiple iterations are required, with each
complete iteration referred to as an epoch. In this study, the maximum number of epochs
was set to 800. The learning rate is another crucial parameter in training. A learning rate
which is too high can cause fluctuations in the optimization process, while a learning rate
which is too low can lead to slow convergence. To address this, an adaptive learning
rate adjustment strategy was employed using the cosine annealing algorithm [45]. This
approach dynamically adjusts the learning rate as described by the following equation:

lr = lr0 × cos(
πt
T
) (20)

where lr0 is the initial learning rate (set to 0.005), T is the total number of iterations, and
t is the current iteration number. As the number of iterations increases, the learning rate
gradually approaches zero. Furthermore, an early stopping mechanism [46] was employed
in this study to prevent overfitting. During training, the model’s performance on the
validation set is continuously monitored in real-time. If the model’s performance does
not improve for 100 consecutive epochs, it is inferred that the model may have begun to
overfit. At this point, the training process is halted prematurely, and the model with the
best performance recorded prior to the early stopping trigger is returned.
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4.2. Neuron Number Selection

The number of neurons in the hidden layers of a neural network significantly impacts
the model’s prediction accuracy. Currently, there are no definitive rules for determining
the optimal number of hidden layer neurons; it often requires empirical testing based on
the specific learning problem. For example, Dalheim et al. [47] investigated the impact
of varying hidden layer neuron counts on shaft power prediction. In this study, various
neuron counts ranging from 8 to 100 were tested through network training. The optimal
number of hidden layer neurons was determined by comparing the prediction errors of the
validation set.

Figure 15 illustrates the distribution of validation set errors for various numbers of
hidden layer neurons in an MTL network. The heatmap reveals that the overall error for
the torque coefficient prediction model was higher compared with the thrust coefficient
prediction model. Additionally, as the number of hidden layer neurons increased, the
prediction errors for both models decreased, with most high-error values concentrated in
the range of fewer than 20 neurons. Table 1 presents the optimization results for the number
of hidden layer neurons. For the single-task learning networks, the optimal numbers of
hidden layer neurons were 56 and 20 for the thrust coefficient prediction model and 52 and
88 for the torque coefficient prediction model. For the MTL networks, the optimal numbers
of hidden layer neurons were 48 and 100 for the thrust coefficient prediction model and
92 and 16 for the torque coefficient prediction model.
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Table 1. Best neuron numbers for the hidden layers.

Hidden Layer
Single-Task Learning Networks Multitask Learning Networks

KT 10KQ KT 10KQ

Hidden layer 1 56 52 48 92
Hidden layer 2 20 88 100 16

5. Comparison of Single-Task and Multitask Models
5.1. Predictive Accuracy

The prediction accuracy of the two models was evaluated as follows. For both models,
each propeller’s hydrodynamic prediction curve was discretized at intervals of ∆J = 0.05,
and the MAPE between the predicted and actual experimental values over the entire
advance coefficient range was calculated. This was further used to compute the MAPE
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for all test cases in the validation set. Table 2 presents the prediction accuracy for the
single-task and MTL models on the validation set.

Table 2. Prediction error of ANN model in validation set.

Network Type Baseline for the MAPE Calculation
Average MAPE (%)

KT 10KQ η

Single-task model Model test value 2.61 3.58 3.04

Multitask model
Second-order polynomial fitting value 2.01 2.32 2.20

Model test value 2.07 2.31 2.38

For the single-task model, the average prediction errors compared with the model test
data were as follows: 2.61 for KT, 3.58 for 10KQ, and 3.04 for η. For the multitask model,
MAPE calculations were compared against two benchmarks: the second-order polynomial
fit results of the model test data and the original model test data. The analysis showed
minimal differences between these benchmarks. The average prediction errors were 2.01
and 2.07 for KT, 2.32 and 2.31 for 10KQ, and 2.20 and 2.38 for η, respectively. This indicates
that although the second-order polynomial fitting of the hydrodynamic performance curves
introduced a truncation error of approximately 0.4%, this error did not accumulate signifi-
cantly in the model prediction errors, thereby validating the effectiveness of the feature
extraction for hydrodynamic performance. When comparing the prediction accuracy while
using the original model test data as a benchmark, it is evident that the multitask model
achieved a notable improvement over the single-task model. Specifically, the average
prediction error for KT decreased from 2.61 to 2.07, reflecting a relative improvement of
approximately 21%. For 10KQ, the average prediction error decreased from 3.58 to 2.31,
showing a relative improvement of about 35%. Finally, for η, the average prediction error
decreased from 3.04 to 2.0, indicating a relative improvement of about 35%.

Figure 16 further illustrates the distribution of prediction errors on the validation
set for both models. Errors exceeding 5% were considered large. For the single-task
model, there were two instances of large prediction errors for the thrust coefficient KT, five
instances for the torque coefficient 10KQ, and four instances for the efficiency η. In contrast,
for the multitask model, both the number and value of the large prediction errors decreased.
Specifically, the maximum MAPE decreased from 7.43 to 6.19 for the thrust coefficient,
from 10.21 to 7.19 for the torque coefficient, and from 7.25 to 6.97 for the efficiency. This
indicates that the MTL model performed better than the single-task model in reducing
large prediction errors. Increasing the number of propeller samples and improving the
completeness of the geometric input features were expected to further enhance the accuracy
of the prediction model and reduce extreme errors.

Figures 17 and 18 show the true value against the predicted value given by the
multitask model for KT and 10KQ in the validation data. In these plots, the red solid line
represents the best linear regression fit between the predicted and actual values, while the
black dashed line represents the 45◦ perfect fit line. The square scatter points indicate the
discrete hydrodynamic results for each propeller in the validation set at various advance
coefficients. For the single-task model, the correlation coefficients R for KT and 10KQ were
0.9976 and 0.9967. For the multitask model, the correlation coefficients for KT and 10KQ

were 0.9981 and 0.9975. The slightly higher R values in the multitask model indicate a
stronger correlation between the predicted and actual values, confirming that the multitask
model captured the true relationships more effectively. It is also worth noting that the
improvement in prediction accuracy using the multitask model was mainly observed in the
mid-range of the thrust and torque coefficient values. This region corresponds to the typical
operating conditions of propellers in design scenarios, representing common load points.
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Enhancing the prediction accuracy in this area is particularly beneficial for improving the
overall “ship-engine-propeller” matching performance.
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Figure 18. True propeller torque coefficient against predicted value of ANN model in validation set:
(a) multitask model and (b) single-task model.

5.2. Physical Reality of Performance Curve

One major issue with the single-task learning model is that it overlooks the correlation
and continuity of hydrodynamic coefficients between different advance coefficients for
a propeller. This often results in physically unrealistic oscillations in the open-water
performance curves. If such oscillations occur near the design point, then they can easily
mislead propeller designers, causing inaccuracies in predicting hydrodynamic loads and
ship speed. In Figure 19, a typical propeller from the validation set is used to illustrate
the comparison of hydrodynamic curves predicted by different models. For the torque
coefficient curve, the single-task model showed significant concave oscillations in the Zone1
and Zone2 regions. Correspondingly, the efficiency curve displayed abnormal convex
behavior. In contrast, the multitask model, which predicted the entire hydrodynamic curve,
significantly improved the smoothness and consistency of the predicted curve.
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Figure 19. Comparison of propeller efficiency curves for a typical propeller in the validation set: (a) 
KT; (b) 10KQ; and (c) η. 
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The results show that the curvature patterns for the predicted thrust and torque co-
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dicted curvature values which were closely aligned with the experimental results, 
whereas the single-task model predicted significantly higher curvature values. This indi-
cates that the hydrodynamic curves predicted by the multitask model exhibited better 
smoothness, more closely approximating the actual physical behavior. At the same time, 
because the hydrodynamic curves in the multitask model were represented by quadratic 
polynomials, the resulting predictions may have been overly smooth. This would lead to 
slightly lower curvature values compared with the experimental data, smoothing out 
some of the real fluctuations present in certain propeller designs. 

Figure 19. Comparison of propeller efficiency curves for a typical propeller in the validation set:
(a) KT; (b) 10KQ; and (c) η.

The smoothness and oscillations of a curve can be represented by its curvature. The
formula for calculating the curvature k is provided in Equation (21), where y′ is the first
derivative and y′′ is the second derivative of the curve. Figure 20 presents a comparison of
the average curvature across different points on the thrust coefficient and torque coefficient
curves predicted by the two models. The efficiency curve is excluded from this discussion
due to the significant curvature variations near the point of maximum efficiency, which
would dominate the overall curvature analysis:

k =
|y′′ |

(1 + y′2)1.5 (21)

The results show that the curvature patterns for the predicted thrust and torque coeffi-
cient curves were consistent between both models. However, the multitask model predicted
curvature values which were closely aligned with the experimental results, whereas the
single-task model predicted significantly higher curvature values. This indicates that the
hydrodynamic curves predicted by the multitask model exhibited better smoothness, more
closely approximating the actual physical behavior. At the same time, because the hydro-
dynamic curves in the multitask model were represented by quadratic polynomials, the
resulting predictions may have been overly smooth. This would lead to slightly lower
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curvature values compared with the experimental data, smoothing out some of the real
fluctuations present in certain propeller designs.
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error statistics. Overall, the multitask model’s predictions aligned well with the experi-
mental results. The prediction error for the thrust coefficient was within 2.2%, the torque 
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6. Application of Multitask Models in Propeller Optimization Design
6.1. Predictive Ability Test for Multitask Models Using Unseen Propellers

Before applying the multitask model to propeller optimization design, its predictive
capability for open-water performance was further validated using propellers outside of
the training dataset. Three previously unseen propellers with varying blade counts were
selected for this purpose. Table 3 presents the geometric parameters and 3D models of the
test cases. The test cases included a four-blade propeller (No. 1), a five-blade propeller
(No. 2), and a six-blade propeller (No. 3).

Table 3. Geometry parameters for the three propellers in the test set.

Geometry Parameter
Propeller Model

No. 1 No. 2 No. 3

Blade number 4 5 6
Hub ratio 0.15 0.15 0.18

Effective pitch 0.8238 0.8375 1.0279
Effective camber 0.02 0.0205 0.0164

Area ratio 0.4023 0.5516 0.8023
Skew span (◦) 18.61 32.05 36.71

Rake span 0.0236 0.051 0.0763

Geometry model

Figure 21 presents the comparison between the multitask model predictions and exper-
imental results for each case, where the scatter points represent the experimental data and
the curves represent the predicted values. Table 4 further summarizes the prediction error
statistics. Overall, the multitask model’s predictions aligned well with the experimental
results. The prediction error for the thrust coefficient was within 2.2%, the torque coefficient
error was within 4.6%, and the efficiency deviation was within 3.8%, demonstrating the
model’s generalization capability. Among the three test cases, the largest prediction error
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was observed for the six-blade propeller (No. 3), which may be attributed to the relatively
smaller proportion of six-blade propellers in the training dataset. Table 5 provides a sta-
tistical summary of the parameter distribution within the dataset used in this study and
outlines the recommended parameter ranges for the multitask prediction model.
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Figure 21. Predictive results of the multitask model for the propeller in the test set: (a) No. 1; (b) No. 2;
and (c) No. 3.

Table 4. Prediction accuracy of multitask learning model for the test set.

Propeller Model
MAPE (%)

KT 10KQ η

No. 1 1.48 0.97 1.05
No. 2 0.82 2.69 3.14
No. 3 2.13 4.56 3.80

Table 5. Recommended parameter ranges for the multitask ANN models to predict the open-water
performance.

Range Blade
Number Hub Ratio Effective

Pitch
Effective
Camber Area Ratio Skew Span Rake Span

Minimum 4 0.13 0.50 0.015 0.35 16◦ 0
Maximum 6 0.21 1.40 0.030 1.22 36◦ 0.19
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6.2. Propeller Optimization Design Application Case

The multitask neural network prediction surrogate model demonstrated both high
precision and exceptional efficiency. The prediction time for the open-water performance of
a single propeller was reduced to under one second. This capability effectively addresses the
challenge of high time costs associated with rapid iterative predictions for a large number
of design scenarios. In this study, the optimization of a propeller for a 325,000 ton very
large ore carrier (VLOC) was undertaken as a case study. The key geometric parameters
of the propeller are presented in Table 6, while the known design inputs are detailed in
Tables 7 and 8. This propeller design has a real-world engineering application background
and is supported by a complete set of model test data, making it an ideal case for validating
the effectiveness of the proposed methodology. Figure 22 illustrates the models and test
images of the ship hull and propeller.

Table 6. Main parameters of original propeller for 325,000 ton VLOC.

Parameter Diameter (m) Blade
Number Area Ratio Pitch Ratio

(0.7R)
Effective

Pitch Skew Span (◦)

Value 10.8 4 0.386 0.7955 0.7894 24.91

Table 7. Propeller design inputs for 325,000 ton VLOC.

Input Parameter Delivered Power Host Speed Thrust
Deduction Wake Fraction Relative Rotation

Efficiency

Value 15,366 kW 55.8 r/min 0.198 0.262 1.004

Table 8. Effective power curve data for 325,000 ton VLOC.

Speed (kn) 8 9 10 11 12 13 14 15 16

Effective
power (kW) 1745.5 2494.6 3430.4 4573.3 5946.3 7576.1 9494 11,737.2 14,349.7J. Mar. Sci. Eng. 2025, 13, x FOR PEER REVIEW 23 of 29 
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model.

The optimization algorithm utilized in this study was the quantum particle swarm
optimization (QPSO) method. Two performance metrics were selected as evaluation crite-
ria: the maximum ship speed and propeller-induced fluctuating pressure. The prediction
of open-water performance was carried out using the multitask neural network surrogate
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model developed earlier, while the fluctuating pressure induced by the propeller was esti-
mated using the nonlinear regression rapid prediction model developed by the CSSRC [48].
Four primary design parameters—the propeller diameter, pitch ratio, area ratio, and skew
span—were chosen for optimization. The ultimate objective was to maximize the ship
speed while minimizing the propeller-induced fluctuating pressure. Additionally, to ensure
compatibility between the ship, engine, and propeller, the variation in the design’s match-
ing rotational speed with the main engine was restricted to within 5%. Any optimization
schemes failing to meet this constraint were penalized using a penalty function. Based on
the recommended parameter ranges for the predictive model, as outlined in Table 5, the
upper and lower bounds for the optimization parameters were set as shown in Table 9. The
multi-objective propeller performance optimization framework established in this study is
illustrated in Figure 23. In the figure, Ns is the predicted propeller rotation speed, and N0 is
the host speed.

Table 9. Optimization ranges of the main parameters for the 325,000 ton VLOC propeller.

Range Diameters Effective Pitch Area Ratio Skew Span

Minimum 9.5 0.6 0.3 15◦

Maximum 12 1.0 0.5 30◦
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6.3. Analysis of Optimization Design Results

The optimization process was conducted using a particle population of 200, a max-
imum iteration count of 80, and an innovation parameter α = 0.8. Here, α is primarily
used to adjust the optimization capability of the algorithm. When α is larger, the algorithm
exhibits a stronger global optimization ability, while a smaller α enhances the local opti-
mization capability. The resulting Pareto front solution set, shown in Figure 24, consisted
of 58 non-dominated optimal solutions. A trade-off relationship was observed; as the
maximum ship speed increased, the fluctuating pressure also rose. Certain regions of the
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solution set appeared sparse, primarily due to penalty constraints imposed by the mismatch
in rotational speed.
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In Figure 24, the pentagram symbol represents the performance prediction results of
the original design. A comparison between the predicted results of the original design and
the experimental data is provided in Table 10, with experimental photos shown in Figure 25.
Overall, the predictions closely matched the experimental data, with the maximum speed
prediction error being 1.65%, the matching rotational speed error being 2.11%, and the
first-order blade frequency amplitude error of the induced fluctuating pressure being 4.19%.
These findings indirectly validate the reliability of the optimization results.

Table 10. Prediction result validation for the original propeller.

Performance
Prediction Method

Error (%)
Model Test Surrogate Model

Maximum speed (kn) 14.54 14.78 1.65
Rotation speed (r/min) 56.30 57.49 2.11

Fluctuating pressure at 1BPF (kPa) 2.15 2.24 4.19
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Three optimized solutions from the Pareto front were selected for further analysis:
Opt1, Opt2, and Opt3. Opt1 represented a mid-range solution in the Pareto front, demon-
strating moderate improvements in both the maximum ship speed and fluctuating pressure
compared with the original design. Opt2, located at the upper edge of the Pareto front,
achieved the highest ship speed but also exhibited the highest fluctuating pressure, re-
sulting in inferior vibration and noise characteristics. Opt3, located at the lower edge of
the Pareto front, had the lowest fluctuating pressure. However, this came at the cost of a
reduced ship speed, resulting in lower propulsion efficiency and economic viability.

Table 11 provides a detailed comparison of the design parameters and performance
metrics for the three optimized propeller solutions and the original design. Opt2 achieved
improved propulsion efficiency and a higher maximum speed by increasing the diameter
and reducing the area ratio. However, the increased diameter reduced the clearance be-
tween the blade tip and the ship’s stern, resulting in a significant rise in induced pressure
fluctuations. Conversely, Opt3 minimized pressure fluctuations by reducing the diameter
and increasing the area ratio, but this came at the cost of a lower maximum speed and
reduced propulsion efficiency. Opt1 represented a balanced solution. By moderately in-
creasing the propeller diameter, it enhanced the speed performance, while adjustments
to the area ratio and skew span improved the pressure fluctuation characteristics. Nev-
ertheless, given the relatively optimized nature of the original design, the improvements
achieved by the optimized designs were marginal. Specifically, the maximum speed in-
creased by approximately 1%, and the amplitude of the pressure fluctuations decreased by
about 9%.

Table 11. Comparison of design parameters and performance for the selected optimization schemes.

Scheme

Design Parameters Performance Results

Diameter
(m)

Effective
Pitch

Area
Ratio

Skew
Span

(◦)

Maximum
Speed
(kn)

Rotation
Speed
(r/min)

Fluctuating
Pressure at 1BPF

(kPa)

Original propeller 10.80 0.7894 0.386 24.91 14.78 57.49 2.24

Optimization
schemes

Opt1 11.02 0.7616 0.438 29.42 14.91 56.51 2.03
Opt2 12.00 0.6998 0.300 28.59 15.75 57.5 3.26
Opt3 9.50 1.0042 0.500 30.00 13.98 57.86 1.68

7. Conclusions
The existing machine learning-based propeller hydrodynamic performance prediction

models still require further enhancement due to issues such as data quality limitations and
insufficient physical constraints. This study employed a high-quality, fully physical open-
water performance test dataset which was augmented with publicly available propeller data.
For the prediction of a propeller’s open-water thrust and torque coefficients, both single-
task and multitask prediction models based on ANNs were developed. A comparison of
the two models in terms of prediction accuracy and physical reliability was performed.
Additionally, the generalization capability of the multitask model in predicting open-water
performance for unknown propellers was analyzed. On this basis, a multitask model
was utilized to establish a multi-objective optimization design process for propellers. An
optimization design application was conducted for a 325,000 ton VLOC’s propeller. The
key conclusions drawn from this study are as follows:

(1) The use of propeller charts significantly enhances and expands the parameter space
of the dataset. By applying a quadratic polynomial with the advance coefficient as the
variable, high-precision fitting of the propeller thrust coefficient and torque coefficient
curves was achieved, with a fitting truncation error of approximately 4%. As a result, the
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coefficients of the quadratic polynomial can be utilized as prediction targets in the rapid
prediction model.

(2) An analysis of the prediction capabilities of the multitask and single-task models
revealed that the multitask model outperformed the single-task model. The average
prediction error for the thrust coefficient decreased from 2.61 to 2.07, that for the torque
coefficient decreased from 3.58 to 2.31, and that for the efficiency decreased from 3.04 to 2.
Additionally, the peak errors were also reduced. Moreover, the predicted curvature of the
performance curves obtained from the multitask model closely matched the experimental
results, effectively eliminating the abnormal fluctuations observed in the single-task mode.

(3) For the three unknown propeller designs outside of the training dataset, the
prediction results of the multitask model aligned well with the experimental results. The
predicted deviation for the thrust coefficient was within 2.2%, that for the torque coefficient
was within 4.6%, and that for the efficiency was within 3.8%, effectively validating the
model’s generalization capability.

(4) The multitask model was applied to propeller optimization design for ships,
successfully generating a Pareto front solution set for the maximum ship speed and induced
fluctuating pressure. This demonstrates the application potential of the multitask model in
propeller optimization design.

It is worth noting that the current multitask model still exhibited relatively high
prediction errors for certain propeller designs and overly smoothed performance curve
fluctuations. In the future, efforts will focus on continuously enhancing the training dataset,
refining the geometric feature input parameters, and increasing the polynomial fitting
order for the open-water performance curves. These improvements are expected to further
enhance the predictive accuracy of the multitask learning network model.
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Nomenclature
AE Area of stretched profile for propeller blade
Ao Propeller disc area
C Chord length of propeller section
CT1 ∼ CT3 Coefficients of quadratic polynomial for thrust coefficient
CQ1 ∼ CQ3 Coefficients of quadratic polynomial for 10 fold torque coefficient
D Propeller diameter
fmax Maximum camber of propeller section
fE Effective camber
Hr Hub ratio of propeller
J Advance coefficient
k Curve curvature
KT Thrust coefficient
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KQ Torque coefficient
lr0 Initial learning rate
lr Learning rate
MAPE Mean Absolute Percentage Error
MSE Mean Squared Error
P Pich of propeller section
PE Effective pitch
R Propeller radius
t Current iteration number
T Total number of iterations
Tmax Maximum thickness of propeller section
y′ First derivative
y′′ Second derivative
∧
yi Predicted value or fitted value

yi True value
ZR Local rake of propeller section
ZTa Rake span
ZT Total rake of propeller section
η Efficiency
θs Skew angle
θsa Skew span
βp Pitch angle of propeller section
σ Standard deviation
µ Mean of the input variable
α Innovation parameter
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