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Abstract: This paper addresses the issue of insufficient accuracy and efficiency in existing
methods for the alignment of marine propulsion systems with single stern tube bearing,
caused by uncertainties in the actual parameters of propulsion systems and the scarcity of
data, and a new alignment method based on fine-tuning a pre-trained model is proposed.
First, a characterization method for the attitude of the main engine is proposed, taking into
account the specific alignment requirements of marine propulsion systems with single stern
tube bearing. Next, a pre-trained model is constructed based on large-scale samples from
the design propulsion system and the fine-tuning of the pre-trained model is performed
using small samples from the actual propulsion system’s alignment process to obtain
the target model, which guides the practical alignment. Finally, the effectiveness and
superiority of the proposed method are validated by applying actual measured data and
by applying finite element simulations; in eight alignments, all verification parameter
errors are much smaller than the maximum allowable error. The results show that the
proposed method significantly improves the accuracy and efficiency of alignment of this
type of propulsion system and provides a technical approach to the small-sample modeling
problem in the alignment of propulsion systems.

Keywords: single stern tube bearing; propulsion system alignment; main engine attitude;
neural network; pre-trained model; fine-tuning; small-sample modeling

1. Introduction
In the process of shipbuilding and repair, the alignment of propulsion systems is

crucial. Due to poor alignment quality, factors such as crankshaft deflection and bearing
load may have a deviation that is too large compared to the design values; as a result,
issues like crankshaft deformation or even fracture, excessive bearing wear, and abnormal
vibrations may occur during navigation [1–3], making it difficult for the ship to pass
rigorous factory inspections.

In the actual alignment process, construction personnel initially rely on manual trial-
and-error methods based on experience. Due to the lack of scientific theoretical support,
this approach cannot ensure alignment accuracy and efficiency. Therefore, numerical
calculation methods such as the three-moment method [4,5], transfer matrix method [6],
singular function method [7], and finite element method [8] have been proposed. How-
ever, due to process errors during actual manufacturing and assembly, as well as material
property degradation caused by long-term operation, it is difficult to accurately obtain
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geometric and physical parameters, leading to parameter uncertainties [9,10]. These un-
certainties significantly increase the difficulty of constructing precise numerical models.
These sources of uncertainty are illustrated in Figure 1. The lack of a scientific and efficient
alignment method results in the alignment process potentially accounting for up to 72% of
the propulsion system installation period [11]. The efficiency of alignment directly impacts
shipbuilding and repair schedules, subsequently affecting the shipyard’s economic benefits
and on-time delivery capability.
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Currently, machine learning has been applied in the field of shipbuilding. However,
traditional data-driven modeling methods struggle to extract sufficient information under
small-sample conditions [12] and the collection of large-scale samples of actual alignment
is time-consuming and inefficient. Currently, approaches to the small-sample modeling
problem primarily involve expanding the dataset or introducing models to narrow the pa-
rameter search space [13]. However, as the minimization of the loss function is constrained
by both data and models, the introduction of additional information must be handled with
caution [14]. In summary, the applicability of traditional machine learning is limited when
applied to propulsion system alignment under small-sample conditions, highlighting the
urgent need to develop precise modeling methods suitable for data-scarce scenarios.

Marine propulsion systems with single stern tube bearing are a common configuration.
As shown in Figure 2, the stern tube is supported by a single bearing with no forward stern
tube bearing and the intermediate shaft is supported by a single intermediate bearing, while
the thrust shaft is located near the flywheel end and welded integrally with the main engine
crankshaft. The shafting of this type of propulsion system is characterized by low rigidity
and high elasticity, resulting in a minimal impact of hull deformation on bearing loads [15].
Therefore, such propulsion systems are widely used in bulk carriers, LPG carriers, and
other types of vessels. A post-incident study of the failure of the Chinese research vessel
Snow Dragon indicated that, due to the specific feature of the Snow Dragon shafting being
a single stern tube bearing design, there were even more stringent requirements for its
alignment calculations, as under the old alignment calculations, the bearing load was
highly prone to overloading even in normal ship operations [16]. In summary, this paper
takes marine propulsion systems with single stern tube bearing as the research object.

The main innovation of this research is to develop a new alignment method for marine
propulsion systems with single stern tube bearing which is more accurate and efficient
using machine learning techniques. To address the challenges of parameter uncertainty and
small-sample limitations in the alignment of marine propulsion systems with single stern
tube bearing, which lead to insufficient accuracy and efficiency in the alignment process,
this paper proposes an alignment method for this propulsion system, innovatively applying
the fine-tuning of a pre-trained model to the alignment process. The proposed method
utilizes actual small samples to drive the alignment of propulsion systems and improves the
learning performance of the target model in the target domain by transferring knowledge
from different but related sources. The proposed method can reduce the target model’s
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dependence on large amounts of target data, making it suitable for precise modeling in
data-scarce scenarios such as propulsion system alignment. The strategy of the proposed
method can be extended to different propulsion system configurations and significantly
improves alignment accuracy and efficiency, thereby bringing numerous benefits, including
reduced maintenance costs, increased ship efficiency and fuel savings, enhanced ship safety
and reliability, and potentially reduced environmental impacts.
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2. Alignment Requirements and Adjustment Parameters Analysis for
Marine Propulsion Systems with Single Stern Tube Bearing
2.1. Alignment Requirements

The alignment of propulsion systems is carried out at room temperature, when all
the equipment and the main engine are in a stationary state, without the issue of thermal
expansion that occurs during operation. During the alignment process of propulsion
systems, it is necessary to ensure that the bearing loads of each shaft in the shafting and the
crankshaft deflection of the main engine meet the factory’s inspection standards.

Due to the large mass and rotational inertia of the flywheel end, the crankshaft of
the cylinder closest to the flywheel (the n# cylinder) and the thrust shaft bear the highest
bending moment and torque during the operation of the main engine. As a result, the
crankshaft deflection of the n# cylinder and the thrust bearing load are most likely to exceed
the design range, leading to the lowest safety factor. The shafting alignment procedure
compiled by Wang [17] states that after inspecting the GAP and SAG between the main
engine shafting connection flanges, the crankshaft deflection of the n# cylinder should be
measured. Ma [18] demonstrated through experiments that the vertical height of the main
engine significantly affects the crankshaft deflection of the n# cylinder, while it has little to
no effect on other cylinders. Based on the analysis of a shipyard’s alignment process, the
crankshaft deflection of the n# cylinder and the thrust bearing load of the main engine are
the key and challenging aspects of alignment [19–21].

In summary, during the actual alignment process of propulsion systems, it is essential
to ensure that the following key verification parameters meet the requirements of the
calculation sheets of shafting alignment and the engine manufacturer’s specifications:
(1) Intermediate bearing load, (2) thrust bearing load, (3) crankshaft vertical deflection of
the n# cylinder, (4) crankshaft horizontal deflection of the n# cylinder, and (5) main engine
deflection.
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2.2. Adjustment Parameters Analysis
2.2.1. Analysis of the Adjustment Target

For the alignment of marine propulsion systems with single stern tube bearing, only
the attitude of the main engine can be adjusted to ensure that the verification parameters
meet the expected requirements. The simultaneous adjustment of the main engine attitude
and the height of the intermediate bearing is not feasible, as it would alter the gap and
contact area between the propeller shaft and the stern tube bearing and result in the actual
positions of the propeller shaft, intermediate shaft, and main engine deviating from their
theoretical positions. Xu [22] provided a case study showing that during the alignment
process of an LPG ship with a single stern tube bearing configuration, construction per-
sonnel adjusted both the main engine attitude and the height of the intermediate bearing
simultaneously, ultimately resulting in damage to the stern tube bearing during operation.
Therefore, in practical applications, the stern tube is installed into the hull shaft hub using
hydraulic jacks and secured with locking nuts, while the intermediate bearing is fixed by
jacking bolts and side stopper tools; these tools ensure that the height of the intermediate
bearing cannot be adjusted during the alignment process of this type of propulsion system,
thereby avoiding the risk of unreasonable alignment operations. At this point, the align-
ment of marine propulsion systems with single stern tube bearing can only be achieved by
adjusting the vertical height of the main engine attitude using the jacking bolts at the base
of the main engine.

In summary, when researching the alignment method for this type of propulsion
system, it is necessary to characterize the different attitudes of the main engine.

2.2.2. Characterization of the 6-DOF Attitude of the Main Engine

In the absence of degrees-of-freedom (DOF) constraints, the main engine can be
regarded as a rigid body with 6 DOF. In this condition, the deflection of the main engine
is zero, meeting the verification requirements. During the hoisting and positioning of
the main engine, a full 6-DOF characterization of its attitude is required. By adjusting its
rotational and translational degrees of freedom along the transverse (x-axis), longitudinal
(y-axis), and vertical (z-axis) directions, the main engine shafting can be assembled into a
straight line, ensuring that the GAP and SAG between the shafting connection flanges of
the main engine meet the design specifications.

By arbitrarily defining a unit vector n =
(
nx, ny, nz

)
and a rotation angle θ in space, a

rotation matrix R can be represented using the Rodrigues formula:

R =

 cos θ + n2
x(1 − cos θ) nxny(1 − cos θ)− nzsin θ nxnz(1 − cos θ) + nysin θ

nynx(1 − cos θ) + nzsin θ cos θ + n2
y(1 − cos θ) nynz(1 − cos θ)− nxsin θ

nznx(1 − cos θ)− nysin θ nzny(1 − cos θ) + nxsin θ cos θ + n2
z(1 − cos θ)

 (1)

The three rotational degrees of freedom are extracted from R, namely the rotation
about the x-axis by θx, rotation about the y-axis by θy, and rotation about the z-axis by θz:

θx = arctan2(R32, R33)

θy = arcsin(−R31)

θz = arctan2(R21, R11)

(2)

In the formula, R11, R21, R31, R32, R33 are elements of R. For example, R21 is the
element in the second row and first column of R.

By combining the three translational degrees of freedom, displacement along the x-axis
by ∆x, along the y-axis by ∆y, and along the z-axis by ∆z, the 6-DOF attitude of the main
engine can be characterized. By calculating the GAP and SAG between the connection
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flanges under different attitudes, the initial hoisting and positioning of the main engine can
be guided [23]. A schematic diagram of the 6 DOF of the main engine is shown in Figure 3.
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2.2.3. Characterization of the 3-DOF Attitude of the Main Engine

After the preliminary hoisting and positioning of the main engine in marine propulsion
systems with single stern tube bearing, the GAP and SAG meet the design specifications.
Therefore, the transverse and longitudinal positions of the main engine are no longer
adjusted and the displacement in these two directions will be constrained. Only the vertical
heights of the free end and flywheel end of the main engine are adjusted. When adjusting
the main engine, care should be taken to avoid excessive deflection after adjustment. It is
necessary to ensure that the characterized attitudes meet the factory inspection require-
ments for flatness, twist, and parallelism. To achieve this, the three-point plane positioning
principle can be used to characterize the attitude of the main engine.

Two planes are defined by three points in space, (xi, yi, zi) and (xi, yi, zi
′), i = 1, 2, 3,

and the normal vectors of these planes are calculated using the following formula:

→
N1 =

∣∣∣∣∣∣∣
i j k

x2 − x1 y2 − y1 z2 − z1

x3 − x1 y3 − y1 z3 − z1

∣∣∣∣∣∣∣
→
N2 =

∣∣∣∣∣∣∣
i j k

x2 − x1 y2 − y1 z2
′ − z1

′

x3 − x1 y3 − y1 z3
′ − z1

′

∣∣∣∣∣∣∣
(3)

Using the components of the normal vectors, the projection normal vectors of the two
planes onto the x–y plane are calculated. It can be observed that the two projection normal
vectors are linearly related and the correlation coefficient is K:

→
N1xy = K ×

→
N2xy (4)

Therefore, when only the vertical heights of the three points are changed, the resulting
different planes coincide in their projection onto the x–y plane and, under this constraint, the
main engine retains only three degrees of freedom: rotation about the x-axis by θx, rotation
about the y-axis by θy, and displacement along the z-axis by ∆z. Three non-collinear points
at the bottom of the main engine are selected as attitude characterization points, serving
as adjustment parameters. By designing different vertical heights for these three points,
various planes at the bottom of the main engine can be formed, thereby characterizing
different 3-DOF attitudes of the main engine.

Due to the concentrated mass at the flywheel end of the main engine, adjusting the
jacking bolts closest to the flywheel end has the most significant impact on the verification
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parameters [24]. Therefore, the positions of the selected attitude characterization points are
shown in Figure 4. L1 is the main engine’s width and L2 is its length.
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2.2.4. Determination of the Actual Adjustment Parameters

To determine the actual adjustment parameters, the attitude of the main engine char-
acterized by the attitude characterization points needs to be transformed through affine
transformation to obtain the vertical adjustment amount of the jacking bolts [25]. The
spatial coordinates of the attitude characterization points are (x1i, y1i, z1i), i = 1, 2, 3, and
the augmented matrix P is

P =

 x11 y11 z11 1
x12 y12 z12 1
x13 y13 z13 1

 (5)

Only the vertical height of the attitude characterization points is adjusted. The ver-
tical height of the attitude characterization points is z1i before adjustment and z1i

′ after
adjustment, the vertical adjustment amount is d1i = z1i

′ − z1i, and the target matrix Q can
be approximated as

Q =

 x11 y11 z11
′

x12 y12 z12
′

x13 y13 z13
′

 (6)

The affine transformation matrix A is solved using the least squares method, which
minimizes ∥ PA − Q ∥2

2:

A = (PTP)
−1

PTQ (7)

The coordinates of the jacking bolts before adjustment are (x2i, y2i, z2i), i = 1, 2, 3, 4 ...... n,
and, after obtaining the affine transformation matrix A, the adjusted coordinates of the
jacking bolts (x2i

′, y2i
′, z2i

′) can be calculated with the following formula:

(
x2i

′, y2i
′, z2i

′) = [
x2i y2i z2i 1

]
A (8)

The vertical adjustment amount of the jacking bolts is d2i = z2i
′ − z2i and the mapping

relationship for the four jacking bolts is shown in Figure 5.
Finally, based on the 3-DOF attitude characterization of the main engine, the atti-

tude is mapped to the vertical adjustment amounts of the jacking bolts, resulting in the
development of an actual adjustment plan.
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3. Alignment Method for Marine Propulsion Systems with Single Stern
Tube Bearing Based on Fine-Tuning a Pre-Trained Model

The theme of this study innovatively applies the method of fine-tuning a pre-trained
model to the alignment process of marine propulsion systems with single stern tube bearing,
aims to achieve precise and efficient alignment to avoid friction and premature bearing
failure caused by inaccurate alignment, and thereby can enhance the reliability and safety
of ship navigation, reducing the failure rate and the risk of costly repairs. This study offers
the potential for significant improvements in the alignment of propulsion systems and
aligns with the current industry needs in the field of marine engineering.

3.1. Construction of the Functional Relationship Between Verification Parameters and
Adjustment Parameters

The alignment of the propulsion system is a multi-objective constrained computational
problem. Therefore, it is necessary to establish an accurate functional relationship between
the verification parameters and adjustment parameters. Neural network models are a
highly flexible and unbiased class of mathematical functions capable of approximating any
real-valued function with arbitrary precision [26].

This research aims to address a specific gap in the field of propulsion system alignment.
Traditional alignment methods for propulsion systems heavily rely on the knowledge and
experience of construction personnel, which may lead to multiple alignments still failing
to meet verification requirements. Moreover, traditional data-driven machine learning
methods face the issue of time-consuming and inefficient collection of large-scale actual
samples. Additionally, due to the parameter uncertainties in actual propulsion systems,
it is not possible to establish an accurate functional relationship between the verification
parameters and the adjustment parameters in the design of propulsion systems. To address
the aforementioned problems, this paper proposes the application of a fine-tuning a pre-
trained model method. In the small-sample scenario of the actual propulsion system
alignment process, this method establishes an accurate functional relationship between the
verification quantities and the adjustment quantities, thereby guiding the actual alignment
and improving the accuracy and efficiency of the alignment process.

The overall concept is illustrated in Figure 6. First, large-scale samples are obtained
through the finite element simulation of the design propulsion system and are used to
construct a neural network model with prior knowledge which will serve as the pre-trained
model for subsequent fine-tuning. This model represents the functional relationship be-
tween the verification parameters and adjustment parameters in the design propulsion
system. Next, small samples are collected during the iterative alignment process of the
actual propulsion system and used to fine-tune the pre-trained model. The resulting
target model is then used to guide the next alignment in the iterative process. In this
iterative process, along with the expansion of the target samples, the target model ob-
tained by fine-tuning the pre-trained model will ultimately reflect the accurate functional
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relationship between the verification parameters and adjustment parameters in the actual
propulsion system.
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3.2. Pre-Training and Fine-Tuning Learning Paradigm

The pre-training and fine-tuning learning paradigm has been applied to problems with
incomplete information [27,28]. First, a pre-trained model is built using large-scale samples,
allowing for the extensive learning of prior knowledge; then, fine-tuning is performed in
downstream tasks, avoiding the need to train a model from scratch for the downstream
tasks. This approach is particularly suited for data-scarce situations and can significantly
improve the model’s performance on downstream tasks. The method strategy is shown
in Figure 7. First, the weights of the early layers of the pre-trained model are frozen and
then the weights of the later layers are retrained [29]. The early layers of the model extract
general features, while the later layers focus on features specific to the task. Freezing the
early layers and fine-tuning the later layers allows the model to concentrate on learning
features specific to the particular task. Moreover, freezing the parameters of the early
layers reduces the number of parameters that need to be updated, thereby decreasing
the complexity of the model. This is conducive to reducing the risk of overfitting and
enhancing the model’s generalization capability.
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3.3. Construction of the Pre-Trained Model
3.3.1. Topology of the BP Neural Network

Back Propagation (BP) neural networks, which have the basic principle of calculating
their output through forward propagation, then computing the error gradients using a
back propagation algorithm, and finally updating the network weights according to the
gradients, thereby continuously optimizing the model parameters, have strong feature
extraction and learning capabilities and have been successfully applied in the alignment
of propulsion systems [30]. Compared to the potential model Radial Basis Function (RBF)
neural networks, which may be applicable to the alignment problem of propulsion systems,
a BP neural network, through the back propagation algorithm, offers stronger adaptability
and capability in handling global issues. The basic network structure consists of three
hidden layers. The inputs are the crankshaft vertical deflection of the n# cylinder, the
crankshaft horizontal deflection of the n# cylinder, the intermediate bearing load, and
the thrust bearing load, both before and after the adjustment of the main engine. The
outputs are three dimensions, representing the adjustment amounts of three attitude
characterization points. This is shown in Figure 8.
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The evaluation metrics for the fitting quality of the pre-trained model are the coefficient
of determination R2, mean absolute error (MAE), and root mean square error (RMSE):

R2 = 1 −
(

∑n
i=1

(
yi − yi,pred

)2
/ ∑n

i=1(yi − ȳ)2
)

(9)

MAE =
1
n ∑n

i=1

∣∣∣yi − yi,pred

∣∣∣ (10)

RMSE =

√
1
n ∑n

i=1

(
yi − yi,pred

)2
(11)

In the formula, yi, yi,pred, ȳ represent the true value of the ith sample, the predicted
value of the ith sample, and the average of the true values and n is the number of samples.

3.3.2. Acquisition of Training Samples

To acquire training samples, it is necessary to reasonably design a sampling scheme
based on the vertical heights of attitude characterization points on the same reference
horizontal plane, in order to calculate the values of verification parameters under different
attitudes of the main engine. Based on the actual engineering adjustment range and
unit adjustment amount, the vertical height sampling range and precision at the attitude
characterization points are determined. For the three attitude characterization points, the
number of sample features is 3.

In order to ensure the establishment of an effective pre-trained model, a balanced
dataset with sample distribution is required for neural network training. The Latin Hy-
percube Sampling (LHS) method and traditional Random Sampling (RS) method are used
to generate the same number of samples. By plotting cumulative distribution function
(CDF) comparison charts, the distribution characteristics among the three sample features
in the dataset can be illustrated. The Empirical CDF (ECDF) is the function based on the
generated samples, while the Uniform CDF (UCDF) is the theoretical cumulative distribu-
tion function for a uniform distribution; the vertical height sampling range at the attitude
characterization points is from m to M, so the domain of the function is x ∈ [m, M]. The
function formula is as follows:

ECDF(x) =
1
n ∑n

i=1 I(xi ≤ x) while I(xi ≤ x) = 1, when xi ≤ x (12)

UCDF(x) = (x − m)/(M − m) (13)

In Formula (12), n is the number of samples and xi is the value of the ith sample.
By comparing the ECDF and UCDF of the three sample features generated by the

two sampling methods in Figure 9, in the figure, it is assumed that the sampling range
of all three sample features is between −2 and 2, it can be observed that the LHS ensures
that the samples are uniformly distributed across each dimension. Even with a limited
sample size, LHS can more effectively estimate the characteristics of the parameter space.
Compared to RS, LHS avoids issues such as incomplete sampling coverage and redundancy
and it ensures better representativeness, especially when sampling in high-dimensional
spaces [31]. Therefore, LHS is used for sampling in this research.
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Figure 9. CDF comparison plot for different sampling methods. (a) CDF comparison plot for LHS
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3.3.3. Data Processing of Training Samples

The sample set generated by LHS sampling consists of n samples, representing n
different attitudes of the main engine. The values of the verification parameters at different
attitudes are obtained through finite element simulations. As shown in Figure 10, by
calculating the vertical height difference between attitude characterization points in any two
samples, the vertical adjustment of the attitude characterization points can be determined,
the values of the verification parameters before and after the adjustment are then combined,
forming a training sample for training the neural network.
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In training the neural network, to eliminate the scale differences between sample
features, a normalization technique is often used to make the sample dimensionless. In this
research, the commonly used Min–Max Normalization is chosen, which linearly transforms
the training samples to the range [0, 1]. The formula is as follows:

xi
′ =

(
xi − min

1≤j≤n

{
xj
})/(

max
1≤j≤n

{
xj
}
− min

1≤j≤n

{
xj
})

(14)

3.4. Construction of the Target Small-Sample Dataset
3.4.1. Target Measured Samples

The target measured samples will gradually expand with the iterative process of the
propulsion system alignment. This includes (1) the adjustment amounts of the attitude
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characterization points predicted by the neural network, when the actual values of each
verification parameter and the designed values are input into the neural network. (2) After
mapping to the adjustment amount of the jacking bolts and performing the adjustment,
the bearing load measured using the jack-up method, as well as the crankshaft deflection
measured by placing a crankshaft deflection gauge at the measurement point between the
crank arms, are recorded; the distance from the measurement point to the centerline of the
crankshaft journal is (S + D)/2, where S is the stroke length of the diesel engine piston and
D is the diameter of the main journal [32]. The alignment process from the shipyard survey
is shown in Figure 11.
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Figure 11. Schematic of the actual alignment process at the shipyard.

[d1n,d2n,d3n] represent the adjustment amounts of the attitude characterization points
at the nth alignment, while [f1n,f2n,f3n,f4n] represent the values of the verification pa-
rameters before the nth alignment and [f10,f20,f30,f40] represent the design values of the
verification parameters.

During the first alignment, when there is no target measured sample for fine-tuning,
the pre-trained model is used to predict the adjustment amounts for the main engine atti-
tude characterization points. The pre-trained model input is [f11,f21,f31,f41,f10,f20,f30,f40],
and the pre-trained model output is [d11,d21,d31]. Then, the adjusted verification parame-
ters values are measured as [f12,f22,f32,f42].

During the second alignment, a complete set of target measured sample is available,
as shown in Table 1 with the data [f11,f21,f31,f41,f12,f22,f32,f42;d11,d21,d31]. At this point,
the pre-trained model can be fine-tuned using the target measured sample to obtain the
target model, which will guide the next main engine adjustment. The target model input is
[f12,f22,f32,f42,f10,f20,f30,f40] and the target model output is [d12,d22,d32].

Table 1. Composition of target measured samples.

Number of
Alignments

Adjustment
Parameters

Verification
Parameters Target Measured Samples

0 \ [f11,f21,f31,f41] \
1 [d11,d21,d31] [f12,f22,f32,f42] [f11,f21,f31,f41,f12,f22,f32,f42;d11,d21,d31]
2 [d12,d22,d32] [f13,f23,f33,f43] [f12,f22,f32,f42,f13,f23,f33,f43;d12,d22,d32]
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3.4.2. Data Augmentation

The method of expanding one target measured sample after each iterative adjustment
and fine-tuning the pre-trained model is inefficient and results in a limited sample size.
As a result, the target model struggles to comprehensively learn the target knowledge
and is prone to overfitting the small amount of target samples. Using data augmentation
techniques can increase the diversity of the small-sample dataset, covering more actual
alignment scenarios of the propulsion system, thereby improving the generalization ability
and robustness of the target model.

Two samples are randomly selected from the existing small-sample dataset and com-
bined to generate a new sample in order to ensure that the functional relationship between
the verification parameters and the adjustment parameters is not altered in the new samples
after data augmentation. By swapping the values of the verification parameters before
and after the adjustment and take the opposite of the adjustment amounts for the attitude
characterization points, another new sample is obtained. If the number of adjustments
is n, the sample size in the small-sample dataset before data augmentation should be n.
After data augmentation using the feature combination method, the sample size in the
augmented dataset can be calculated as follows:

A(n + 1, 2) =
(n + 1)!

(n + 1 − 2)!
= (n + 1)× n (15)

The final dataset obtained after data augmentation is the target small-sample dataset
and the data augmentation method is shown in Table 2.

Table 2. Small-sample dataset before and after data augmentation.

Number of Alignments Before Data Augmentation After Data Augmentation

1 (1) [f11,f21,f31,f41,f12,f22,f32,f42;d11,d21,d31] (1) [f11,f21,f31,f41,f12,f22,f32,f42;d11,d21,d31]
(2) [f12,f22,f32,f42,f11,f21,f31,f41;−d11,−d21,−d31]

2 (1) [f11,f21,f31,f41,f12,f22,f32,f42;d11,d21,d31]
(2) [f12,f22,f32,f42,f13,f23,f33,f43;d12,d22,d32]

(1) [f11,f21,f31,f41,f12,f22,f32,f42;d11,d21,d31]
(2) [f12,f22,f32,f42,f13,f23,f33,f43;d12,d22,d32]
(3) [f11,f21,f31,f41,f13,f23,f33,f43;d11+d12,d21+d22,d31+d32]
(4) [f12,f22,f32,f42,f11,f21,f31,f41;−d11,−d21,−d31]
(5) [f13,f23,f33,f43,f12,f22,f32,f42;−d12,−d22,−d32]
(6) [f13,f23,f33,f43,f11,f21,f31,f41;−(d11+d12),−(d21+d22),−(d31+d32)]

In the actual object iterative alignment process, it is necessary to construct the data-
augmented target small-sample dataset Dn for fine-tuning the pre-trained model, where n
represents the alignment iteration number. This results in a target model to guide the n +
1th alignment. During the iterative process, applying data augmentation strategies without
altering the model structure can increase sample diversity. As a result, this reduces the risk
of model overfitting and enables the model to stabilize more quickly at a high performance
level during the training process.

4. Application Example
4.1. Research Object

The research object is the propulsion system shown in Figure 12. The shafting in the
propulsion system has a total length of 12,967 mm, with the intermediate shaft length
being 6614 mm, and it is supported by a single intermediate bearing. The propeller shaft
is 6353 mm and the stern tube has no forward stern tube bearing. The main engine in the
propulsion system is a 6-cylinder model 6S60MC diesel engine equipped with four jacking
bolts at the bottom.
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Figure 12. Simulation model of the marine propulsion system with single stern tube bearing.

The geometric model of the propulsion system is constructed based on the design
parameters from the drawings. Using ANSYS 2023R1 finite element software and under
the condition of the propeller being 57% immersed, a numerical model is established based
on the physical parameters provided in the calculation sheet. The specific parameters are
as follows: the weight of the propeller at 57% immersion is 16,524 kg, the mass of the
turning wheel is 12,363 kg, the chain force acting on the thrust shaft is 108,600 N, and the
reciprocating mass per cylinder of the crankshaft is 4541 kg. This model is defined as the
design object.

The actual object is based on the design object, taking into account the actual existing
compound deviation factors. These deviations arise from the parameter uncertainties in
the construction of the geometric and numerical models. For example, the actual weight of
the main engine may deviate from the design weight due to design errors or the impact
of anti-corrosion coating materials. The actual material stiffness of the main engine may
decrease over time compared to the design value due to prolonged operation in harsh
environments. The relative slope between the stern tube bearing and the shaft may also
deviate from the design slope due to installation process errors.

In this section, the deviation factors in Table 3 are comprehensively considered in the
finite element software to construct the numerical model of the target domain propulsion
system, defined as the actual object. The subsequent work involves simulating the actual
alignment process for this actual object by combining finite element simulations with fine-
tuning the pre-trained model method, to verify the superiority of the proposed method.

Table 3. Propulsion System Deviation Factors.

Deviation Type Deviation Factors

Main Engine Deviation Main engine weight + 2%
Main engine material stiffness − 10%

Shafting Deviation The relative slope between the stern tube bearing and
the shaft + 0.1 mm/m

4.2. Application of the Proposed Method in the Actual Object Alignment Process
4.2.1. Fine-Tuning Strategy

The pre-trained fine-tuning strategy in this paper selects to freeze all layers of the
pre-trained model except for the last layer and only fine-tunes the weights of the last layer,
transferring the prior knowledge learned by the earlier layers to the downstream task.

4.2.2. Construction of the Pre-Trained Model

Sampling is performed using LHS, with the vertical height of the attitude characteriza-
tion points sampled within the range of [−2 mm, 2 mm] and a sampling precision of 0.01
mm. Based on this, a sample set of 2000 samples, each with 3 features, is constructed. Finite
element simulation is used to calculate the verification parameter values for 2000 different
attitudes of the main engine in the design object. After preprocessing the generated data,
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1800 samples are used for training the neural network to establish the pre-trained model,
which will be used in the subsequent analysis. The network structure parameters are shown
in Table 4. Additionally, 200 samples are used for testing to validate the performance met-
rics of the pre-trained model, with the results shown in Table 5. Under the condition of
2000 samples, this division ratio is to ensure that the pre-trained model can learn enough
prior knowledge and ensure that the pre-trained model can obtain a target model with high
precision after fine-tuning in downstream tasks. As shown in Table 5, the high performance
of the pre-trained model makes it possible to maintain good performance on the new task
after appropriate fine-tuning.

Table 4. Pre-trained model parameters.

Network Parameters Parameter Values Network Parameters Parameter Values

Number of Network Layers 5 Training/Test/Validation 0.8/0.1/0.1
Number of Input Neurons 8 Epoch 5000

Number of Output Neurons 3 Activation Function ReLU
Number of Hidden Layers 3 Optimization Algorithm Adam

Table 5. Performance of the pre-trained model.

Model Performance
Evaluation Metrics R2 MAE RMSE

Convergence Value 0.99 0.0021 0.0039

4.2.3. Application Effect of the Proposed Method

According to the specifications of the main engine adjustment installation procedure
and the shafting alignment calculation document, the allowable error range for the load
of the intermediate bearing relative to the design value is within 20% in the actual factory
inspection. The thrust bearing load should be as close as possible to the design value. The
absolute values of the vertical deflection and the horizontal deflection of the 6# cylinder
crankshaft should not exceed 0.33 mm in practice.

To improve the accuracy of the propulsion system alignment results, the expected
relative error of the bearing loads compared to the design values should be within 5% and
the expected absolute values of the crankshaft deflection should be within 0.05 mm. In the
iterative alignment of the actual object, when all verification parameters meet the desired
accuracy, the alignment is stopped. The trends of the relative error of the bearing loads and
the absolute value of the crankshaft deflection are shown in Figure 13.
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An analysis of Figure 13 shows that after the first alignment, the errors of each veri-
fication parameter are much larger than the desired final error, indicating that using the
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pre-trained model to guide the actual alignment is not effective. The reason for this is the
significant discrepancies between the design object and the actual object.

During the initial alignment process, the errors of each verification parameter fluctuate
significantly. This is because the target sample size is limited and the current model has
learned only a small amount of feature knowledge, which is insufficient to effectively trans-
fer the prior knowledge from the pre-trained model and combine it with the characteristics
of the target to build a more adaptive target model. It is necessary to continue the iterative
alignment process to expand the target sample size in order to increase the diversity of the
sample features.

As the iterative alignment process progresses, the variation in verification parameter
errors becomes stable, indicating that the sample size is sufficient to learn the target feature
knowledge. By combining this with the prior knowledge from the pre-trained model, an
accurate target model can be obtained.

After the 8th alignment, the error of each verification parameter had significantly
decreased, and the accuracy and efficiency of the alignment process were greatly enhanced.
The average errors of each verification parameter in the last three iterations of the alignment
process are as follows: the relative errors are 3.4% for the thrust bearing load and 1.3% for
the intermediate bearing load and the absolute values are 0.05 mm for the crankshaft vertical
deflection of the 6# cylinder and 0.02 mm for the crankshaft horizontal deflection of the 6#
cylinder; these results meet the expected alignment requirements and the alignment task
has been completed. After 16 iterations, the current data-augmented target small-sample
dataset, D16, was obtained.

In summary, the good application effect of the proposed method in the alignment of
the propulsion system was demonstrated through finite element simulations.

5. Discussion
This section is based on the design object, actual object, pre-trained model, and target

small-sample dataset D16 constructed in Section 4, combined with measured data recorded
during field investigations at the shipyard; these data, obtained through the trial-and-error
method guiding the alignment of the propulsion system (specific adjustment work shown
in Figure 11), are further discussed.

(1) Validating the effectiveness of the proposed method with actual measured data.

Based on the actual conditions of the shipyard, three trial-and-error alignments were
performed by mapping the adjustment amounts of arbitrary attitude characterization points
to the jacking bolts. During the trial-and-error process, conducted three times, the variations
in the errors of the verification parameters were irregular and could not be brought within
the maximum allowable error range. The corresponding measured data, referred to as the
target actual measured samples, were recorded to validate the effectiveness of the proposed
method. The data from the second alignment were used to construct an actual measured
sample dataset with a sample size of 1 and the data from the first and second alignments
were used to construct an actual measured sample dataset with a sample size of 2. These
datasets, representing different target small-sample datasets, were used to fine-tune the
pre-trained model, resulting in different target models. Here, the adjustment parameters for
the third alignment of the main engine are predicted based on different target models and
the predicted adjustment amounts of the attitude characterization points are constructed
into the adjustment parameter matrix. To evaluate the model’s prediction accuracy, the
Euclidean Distance Similarity (EDS) and Cosine Similarity (CS) are used to compare and
analyze the similarity between the predicted adjustment parameter matrix and the actual
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adjustment parameter matrix. For two matrices A and B with the same dimensions of
m × n, the formulas for calculating the EDS and CS are as follows:

EDS(A, B) =
1

1 +
√

∑m
i=1 ∑n

j=1
(
Aij − Bij

)2
(16)

CS(A, B) =
∑m

i=1 ∑n
j=1 Aij · Bij√

∑m
i=1 ∑n

j=1 A2
ij ·

√
∑m

i=1 ∑n
j=1 B2

ij

(17)

The EDS analyzes the absolute difference in the numerical distribution between ma-
trices, with a value range from 0 to 1. The CS analyzes the relative positional similarity
between matrices, with a value range from −1 to 1. When both similarities are equal to 1,
it indicates that the two matrices are identical, meaning the model’s predicted results are
exactly the same as the actual results. Figure 14 compares the changes in similarity between
the adjustment parameter matrix predicted by the models obtained using different actual
measured sample sizes combined with the proposed method and the actual adjustment
parameter matrix.
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As shown in Figure 14, with the increase in the measured sample size, the similarity
between the adjustment parameter matrix predicted by the target model and the actual
adjustment parameter matrix significantly improves. Compared to the similarity between
the adjustment parameter matrix predicted by the pre-trained model and the actual ad-
justment parameter matrix when the actual measured sample size is zero, the proposed
method significantly enhances the prediction accuracy of the model. This result validates
the effectiveness of this method.

(2) Validating the effectiveness of the proposed method with finite element simulation.

In the actual object, a small-sample dataset Ttrain is generated through finite element
simulations and it is incrementally expanded to construct different small-sample datasets,
which are used to fine-tune the pre-trained model to obtain different target models. For
example, the dataset Ttrain,20 represents a subset consisting of the first 20 samples from Ttrain.
At the same time, large-scale samples are generated through finite element simulations in
the actual object to form Ttest. Finally, the mean absolute error of the target model obtained
from Ttrain,N (N is the sample size from Ttrain) is calculated on Ttest. The accuracy formula,
derived from Formula (10), is as follows:

Accuracy =
1

1 + MAE
(18)
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The accuracy data calculated from the above formula are fitted using a nonlinear
function. The fitting function and its results are shown in Figure 15.
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By analyzing the derivative of the fitted function in Figure 15, it can be observed that
when the sample size reaches 11, the model’s accuracy tends to converge, approaching 0.95.
This indicates that, under the current deviation between the actual object and the design
object, when the sample size is 11, the target model demonstrates high prediction accuracy
on Ttest. This is consistent with the phenomenon observed in Figure 13, where, starting
from the 11th adjustment, the errors of each verification parameter gradually converge
after the alignment process is guided by the target model. This result illustrates that, under
the conditions of this study, when the target sample size is 11, the combination of feature
knowledge from the sample and the prior knowledge from the pre-trained model allows
the model to be sufficiently adapted to the downstream task. This result validates the
effectiveness of the proposed method.

(3) Validating the superiority of the proposed method through comparison with tradi-
tional machine learning.

To compare the applicability of the traditional machine learning method and the
proposed method under the limitation of small samples in the target domain, a baseline
model is trained using D16 combined with the traditional machine learning method, while
a target model is obtained by fine-tuning the pre-trained model using D16 combined with
the proposed method. A model comparison is shown in Table 6. Both models are tested in
the actual object’s unfamiliar alignment task and the results are shown in Figure 16.

Table 6. Comparison of different models.

Model Type Training
Data Training Method Source of Knowledge

Target Model D16 Fine-tuning pre-trained model method
(1) Prior knowledge from the pre-trained model
(2) Feature knowledge from the target small
samples

Baseline Model D16
Traditional BP neural network

training method
Feature knowledge from the target small

samples

From the analysis of Figure 16, it can be seen that the target model can adjust each
verification parameter to within the desired accuracy range with just one adjustment. In
contrast, the baseline model, limited by the current sample size, fails to fully learn the target
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knowledge for guiding the actual alignment task, resulting in significant deviations of the
verification parameters from the expected values.
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(4) Comparison of the proposed method with previous research.

Compared with other published materials [8,30], the research object of this study is
marine propulsion systems with single stern tube bearing, but most existing research and
alignment methods focus on multi-support shafting. During the alignment process of
marine propulsion systems with single stern tube bearing, only the engine attitude can be
adjusted, thus requiring specialized alignment techniques. Unlike traditional alignment
methods, this paper applies a model pre-trained in the design propulsion system field
and fine-tunes it for specific alignment tasks in actual marine propulsion systems with
single stern tube bearing. This research could pave the way for more automated alignment
procedures, reducing human intervention and minimizing the potential for human error.
The difference between the fine-tuning pre-trained model method proposed in this paper
and Feng’s method [33] is that, due to the significant distribution differences of samples
across different domains require adjusting the weight parameters of the first hidden layer,
the parameter uncertainty in the actual object in this paper has a large impact on the sample
values but little effect on the sample distribution. Therefore, in this research, only the
last layer of the pre-trained model is re-trained, while the other layers are kept frozen to
preserve the prior knowledge learned from large-scale samples for subsequent knowledge
transfer. For tasks where there are significant distribution differences between the target
samples and the source samples, the strategy proposed by Feng can be applied.

(5) Future research directions.

This paper considers the impact of compound deviation factors to obtain the actual
object. Future research could focus on alignment studies involving more deviation factors,
such as different immersion states of the propeller. Future research could also explore
pre-trained models under more complex network structures, such as Recurrent Neural Net-
works (RNNs), further improve the performance of the target model in the target task, and
reduce the number of necessary iterations. Future research could explore the application of
other data augmentation methods, such as the Synthetic Minority Oversampling Technique
(SMOTE) and Generative Adversarial Networks (GANs), in fine-tuning pre-trained models
and discuss how different data augmentation methods enhance the learning capabilities of
the target model in specific tasks.

6. Conclusions
Currently, the alignment of marine propulsion systems with single stern tube bearing

relies on manual trial-and-error, making it difficult to ensure the alignment’s accuracy
and efficiency. Meanwhile, due to uncertainties in the actual parameters of propulsion
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systems and the limitations of small samples, the finite element simulation method and the
traditional machine learning method struggle to effectively improve alignment accuracy
and efficiency in practical applications. To address this, this paper proposes a method for
characterizing the main engine attitude during alignment of marine propulsion systems
with single stern tube bearing and introduces an alignment method for propulsion systems
based on fine-tuning a pre-trained model. This method assumes that there is a correlation
between the pre-training task and the downstream task and that the pre-training samples
and target samples have similar sample distributions. The main conclusions are as follows:

1. By using different combinations of vertical heights at the three attitude characteriza-
tion points on the bottom of the main engine, the different attitudes of the main engine
can be characterized when only the vertical heights of the free end and flywheel end
of the main engine are adjusted.

2. The proposed method has been proven effective in small-sample scenarios, as val-
idated by actual measured data. As the number of measured data increases, the
variation in target models derived from the measured data leads to different predicted
adjustment parameter matrices, while the similarity between these matrices and the
actual adjustment parameter matrix continuously improves. Specifically, the Cosine
Similarity increases from −0.35 to 0.98 and the Euclidean Distance Similarity increases
from 0.26 to 0.75.

3. Considering the uncertainties in propulsion system parameters, we constructed an
actual alignment example using finite element simulation which validated the su-
periority of the proposed method. With only eight alignment iterations, the relative
errors of the intermediate bearing load and thrust bearing load were 1.3% and 3.4%,
respectively, significantly lower than the maximum error requirement of 20%. Ad-
ditionally, the absolute values of the crankshaft vertical deflection and crankshaft
horizontal deflection for the 6# cylinder were 0.05 mm and 0.02 mm, respectively,
significantly lower than the maximum error requirement of 0.33 mm. Compared to
manual alignment, where the alignment duration and precision are uncertain, the
proposed method can ensure that the alignment precision is sufficiently high after
only a few alignment iterations.

4. The target model obtained through the proposed method achieved significant improve-
ments over the baseline model obtained through the traditional machine learning
method in the actual alignment example constructed in this study. Specifically, under
the same alignment task, the relative errors of the intermediate bearing load and
thrust bearing load decreased by 17.1% and 76.8%, respectively, while the absolute
values of the crankshaft vertical deflection and crankshaft horizontal deflection for
the 6# cylinder were reduced by 0.01 mm and 0.02 mm, respectively.

A limitation of this study is that it does not conduct comparative research on more
complex network structures and other data augmentation methods. Therefore, future
research should focus on the aforementioned limitations.
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