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Abstract: The three-degrees-of-freedom (3-DOF) parallel robot is commonly employed as a shipborne
stabilized platform for real-time compensation of ship disturbances. Pose accuracy is one of its
most critical performance indicators. Currently, neural networks have been applied to the kinematic
calibration of stabilized platforms to compensate for pose errors and enhance motion accuracy.
However, collecting a large amount of measured configuration data for robots entails high costs and
time, which restricts the widespread use of neural networks. In this study, a “transfer network” is
established by combining fine-tuning with a Back Propagation (BP) neural network. This network
takes the motion transmission characteristics inherent in the ideal kinematic model as prior knowledge
and transfers them to a network trained based on the actual poses. Compared with the conventional
BP neural network trained by actual poses alone, the transfer network shows significant performance
advantages, effectively solving the problems of low prediction accuracy and weak generalization
ability in the case of small-sample measured data. Considering this, the impact pattern of the sample
number of the actual pose on the effectiveness of transfer learning is revealed through the construction
of multiple transfer network models under varying sample numbers of the actual pose, providing
valuable marine engineering guidance. Finally, simulated sea-service experiments were conducted
on the 3-UPS/S shipborne stabilized platform to validate the correctness and superiority of the
proposed method.

Keywords: shipborne stabilized platform; kinematic calibration; transfer learning; BP neural network;
parallel robot; ocean engineering

1. Introduction

In maritime environments, vessels are subject to disturbances from wind, waves,
currents, and other oceanic factors, resulting in 6-DOF motion. For oceanographic research
vessels engaged in marine observation missions with scientific instruments, the 3-DOF
motion—roll, pitch, and yaw—Ieads to attitude variations that significantly impact the
measurement accuracy of the scientific instruments. Utilizing a 3-DOF robot as a shipborne
attitude-stabilized platform to compensate for the vessel’s attitude changes in real-time is
considered an effective engineering solution [1].

Due to the advantages of parallel robots in terms of payload capacity, stiffness, and
response speed [2], they are well-suited for carrying instruments and equipment on ships,
compensating for the dynamic changes in their attitude. Whether the shipborne stabilized
platform can effectively compensate for the impact of vessel motion on onboard equipment
depends, on the one hand, on the stability control of the stabilized platform. However,
for high-precision compensation, the inherent accuracy of the stabilized platform itself is
also a crucial factor affecting the compensation results. Therefore, conducting kinematic
calibration for the stabilized platform to compensate for end-effector errors is of significant
importance in improving the motion accuracy of the stabilized platform [3].
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The sources of errors affecting the accuracy of parallel robots include geometric errors and
non-geometric errors [4,5]. Geometric errors can often be calibrated using traditional kinematic
calibration methods based on error models. The calibration process includes error modeling,
error measurement, parameter identification, and error compensation. Extensive research
using this method has been conducted [6-8]. Although traditional kinematic calibration
methods have the advantages of fast convergence and clear physical interpretation, the
process of modeling and parameter identification is complex. Moreover, they neglect the
influence of non-geometric error factors. Therefore, some scholars [9-11] have investigated
new error models that include non-geometric errors for calibration. However, due to the highly
nonlinear and strongly coupled nature of non-geometric error parameters, error modeling and
calibration methods tailored to individual types of non-geometric error sources lack general
theoretical guidance.

In response to these limitations, model-free calibration methods have been proposed.
Among these methods, neural networks are the most widely used. When there are abun-
dant measured configuration data available, neural networks can construct a nonlinear
mapping model between robot nominal joint variables and end-effector pose errors without
relying on the kinematic model [12,13]. Gao et al. [14] proposed an articulated arm coor-
dinate measuring machine (AACMM) modeling and error compensation method based
on BP neural networks. They formulated data acquisition strategies based on the actual
measurement behavior of joint space and achieved a 97% reduction in AACMM error
after compensation. Nguyen et al. [15] combined the model-based extended Kalman filter
(EKF) algorithm with neural network-based calibration techniques and demonstrated the
effectiveness of the method in calibrating errors from all error sources through simula-
tions and experiments on serial PUMA and HH800 manipulators. Yu et al. [16] presented
a hybrid neural network calibration method that combines the output of the BP neural
network and the radical basis function (RBF) neural network and verified its correctness
through experiments on a 6-DOF parallel robot. Wang et al. [17] used the product of
exponentials (POE) method as the foundation and further compensated for non-geometric
errors through a multi-layer perceptron neural network (MLPNN) optimized by the beetle
swarm optimization algorithm, achieving efficient calibration of the SIASUN SR210D robot
manipulator. Maghami et al. [18] proposed a two-step calibration method based on artificial
neural networks (ANNSs) for a master-slave cooperative robot system. By training two
ANN models to compensate for master-slave relative errors and master robot errors, the
absolute accuracy of the master robot and relative tracking precision are improved.

It can be observed that the application of neural networks is increasingly pervasive,
and the utilization methods have diversified. However, the training of neural network
models is based on a large amount of data to explore the underlying patterns in the data.
Therefore, their accuracy heavily relies on the training dataset’s quality and quantity [19].
In previous studies, the establishment of predictive models for actual poses was based on
many measured configuration data. However, acquiring a large number of data samples
entails substantial costs in terms of both time and financial resources. Even with sufficient
measured data, data preprocessing and network structure optimization can also affect the
timeliness of the calibration. All these factors make existing calibration methods inadequate
to meet the urgent need for high-efficient and low-cost calibration of shipborne stabilized
platforms in marine engineering applications.

Transfer learning is a branch of machine learning that focuses on achieving knowledge
transfer across domains to enhance the performance of network learning or reduce the
required amount of data. The core idea of transfer learning is [20]: given a source domain
Ds with abundant data and target domain D1 with limited data, source learning task 7g,
and target learning task 77, transfer learning aims at helping enhance learning ability of
the target prediction function f7(-) in 77, based on the knowledge in Dg and 7Tg, where
Ds # Drand/or Ts # Tr. However, transfer learning typically requires a certain degree of
correlation between the two domains to ensure the transferred knowledge is effective [21].
This concept is similar to human learning, where acquiring one skill can make it relatively
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easier to learn another related skill. Transfer learning is typically combined with convolu-
tional neural networks (CNNs), BP neural networks, and other architectures to enhance
the classification or prediction capabilities of neural networks, making it a hot topic in
research. It has demonstrated excellent results in various fields such as computer vision,
fault diagnosis, and natural language processing [22-24]. Despite these successes, transfer
learning methods have not yet been introduced to the field of robot kinematic calibration.
The kinematic model of a real robot system with errors exhibits a high similarity to the
ideal kinematic model. Therefore, an effort is made to regard the motion transmission
characteristics inherent in the ideal kinematic model as prior knowledge and transfer
them to a network trained based on actual pose data. This approach holds the potential
to address the challenges of low prediction accuracy when approximating small-sample
measured datasets.

This study investigates a transfer learning-based kinematic calibration method for a
shipborne stabilized platform to address the issue of low network prediction accuracy and
weak generalization capabilities due to insufficient measured data. In Section 2, relevant
theoretical knowledge about the 3-UPS/S shipborne stabilized platform is introduced. In
Section 3, the transfer network for predicting actual poses is established by combining
fine-tuning with a BP neural network, with fitting simulated desired poses as the source
task and actual poses as the target task. Its performance is compared with that of a con-
ventional BP neural network trained by actual pose data alone, demonstrating its superior
performance. On this basis, the impact pattern of the sample number of the actual pose on
the effectiveness of transfer learning is investigated and revealed, providing valuable ocean
engineering guidance. In Section 4, focusing on the maritime application scenario of the
shipborne stabilized platform, error compensation experiments are conducted to validate
the proposed method’s effectiveness. Section 5 presents the conclusions.

The theoretical and engineering value of this research lies in the following;:

e  When using the same small sample number, the transfer network will effectively solve
the problems of inadequate prediction accuracy and weak generalization ability.

e  When the same prediction accuracy is reached, the sample number required by the
transfer network will be smaller, contributing to higher efficiency and lower costs.

e Inocean engineering, the obtained impact pattern is capable of providing reference rec-
ommendations on the optimal choice of calibration method (i.e., the type of predictive
network), thereby maximizing calibration efficiency.

2. 3-UPS/S Shipborne Stabilized Platform

In this section, the research object of this paper is first introduced, i.e., the 3-UPS/S
parallel shipborne stabilized platform. Then, the pose description and inverse displacement
kinematics analysis are carried out, which is a necessary preparation for generating and
preprocessing the dataset required for training neural networks.

2.1. System Description

The structure of the 3-UPS/S parallel stabilized platform is shown in Figure 1. It
consists of a moving platform, a fixed base, three UPS limbs, and a central constraint limb.
Each UPS limb connects to the moving platform through a spherical joint (S joint) and to
the fixed base through a universal joint (U joint). The central constraint limb connects to the
moving platform through an S joint and is fixedly connected to the fixed base. The three
translational DOF motions of the moving platform are restricted by the central constraint
limb, while the three rotational DOF motions can be achieved by controlling three UPS
limb length variations.



J. Mar. Sci. Eng. 2024, 12,275

4 0f 20

Moving platform

Figure 1. The 3-UPS/S parallel stabilized platform structure.

2.2. Establishment of the Coordinate System and Pose Description

As shown in Figure 2, A; and B; (i = 1,2,3) represent the centers of the U joints
and S joints in the ith UPS limb, forming equilateral triangles AA;AyA3 and AB1B;Bj3,
respectively. A represents the intersection of the central constraint limb with AA; Ay A3, and
coincides with the geometric center of AA1 Ay Ajz. B represents the center of the S joint on
the top of the central constraint limb, coinciding with the geometric center of AB; B, Bs. The
axis of the central constraint limb is perpendicular to AA; Ay As. Reference frame A-xyz
is established at A, the x-axis passes through A;, the z-axis is perpendicular to AA; Ay A3,
and the y-axis satisfies the right-hand rule. To describe the pose of the moving platform,
body-fixed frame B-uvw is established at B, the u-axis passes through Bj, the w-axis is
perpendicular to AB; B, B3, and the v-axis satisfies the right-hand rule. ¢; = 2(i — 1)71/3 is
the distribution angle of A; and B; within their respective planes. The circumscribed circle
radii of AA;Ap A3 and AB; By B3 are denoted as a and b, respectively, and the height of the
central constraint limb is denoted as h.

Figure 2. The coordinate system of the 3-UPS/S parallel stabilized platform.
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The orientation matrix R4 of frame B-uvw with respect to frame A-xyz can be de-
scribed as
cacy — cfBsasy  —cPeysa —sycw  sasf
R4 = cysx +cacfsy  cucPey —sasy  —cusf (1)
sPsy cysp cB
where « represents the azimuth angle, § represents the tilt angle, and y represents the
twist angle.

2.3. Inverse Displacement Kinematics Analysis
Given the known pose of the moving platform, the actuated joint variables can be
obtained from

N
qi = HAIBZ P 1= 1,2,3 (2)

= Hhk +Rgb; —a;

where k is the unit vector along the z-axis, Rg is the orientation matrix, a; and b; represent
the position vectors of A; and B; measured in the frames A-xyz and B-uvw, respectively.
Specifically,

acos ¢; b cos ¢; 0
a;= |asing; |, b= | bsing; |, k= {0 3)
0 0 1

where ¢; =2(i —1)/3 (i =1,2,3).

3. Methods of Transfer Learning

In ocean engineering, acquiring a large amount of actual pose data is complex and
costly, presenting a challenge when using data-driven neural networks to solve the kine-
matic calibration problem of shipborne stabilized platforms. To address this issue, simula-
tion studies are conducted in this section with the 3-UPS/S shipborne stabilized platform
introduced in the previous section as the research object. Based on transfer learning theories,
a transferred network for predicting the actual poses is established using the desired pose
data obtained from kinematic models as prior knowledge. Furthermore, the relationship
between the transfer learning effectiveness and the sample number of the actual pose is
investigated to reveal the influence pattern.

3.1. Motivation

According to the theory of transfer learning, there should be differences as well as
correlations between the source domain data and the target domain data. The strength
of these correlations affects the effectiveness of transfer learning [21]. For robot systems,
similar relationships exist between the desired and actual poses in their workspace. That is,
macro-level motions are comparable, while micro-level errors differ. During the calibration
process, measuring a large amount of actual pose data is challenging, while ideal pose
data can be generated in abundance using kinematic models. Therefore, in this study,
“building a mapping model from nominal actuated joint variables to desired end-effector
poses” is taken as the source task and “building a mapping model from nominal actuated
joint variables to actual end-effector poses” as the target task. According to this transfer
learning strategy, the theory of accurately predicting actual end-effector poses under the
condition of limited measured data is explored, which provides new technological insights
for improving the calibration efficiency of shipborne stabilized platforms. Figure 3 shows
the learning process of transfer learning.
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Figure 3. Learning process of transfer learning.

3.2. Transfer Scheme

Currently, fine-tuning [25] is one of the most widely used approaches in the field of
neural network transfer learning. The core idea of this approach is to apply the knowledge
obtained from the source task in the form of trained parameters to the target task. Training
the target domain model only requires fine-tuning these parameters. Since the parameters
of the target domain network are in a relatively good position from the beginning of fine-
tuning, this approach not only saves a lot of computational resources and time but often
leads to better results compared to training directly with target domain data. In this study,
a fine-tuning approach based on the BP neural network is adopted to predict actual poses.

The BP neural network [26] is composed of an input layer, hidden layers, and an
output layer. Its forward propagation process can be represented as

o = f (wl oy bl) 4)

where o and 0'~! represent the outputs of layers ! and [ — 1, respectively, W' is the weight
of layer [, b is the bias of layer I, and f;(-) denotes the activation function. In this study,
with three neural network inputs and outputs, a four-layer network structure is considered.
When applied to the task of predicting actual poses, the target domain fitting function can
be approximated by the BP neural network as follows:

0= f5(Woh(W2fi (Wig+b') +12) +1°) 5)
1
where nominal actuated joint variable g = | g, | is the input vector, and the actual end-
q3
«
effector pose 8 = [ B | is the output vector.

The source domain fitting function can be approximated by the BP neural network
as follows:

60 = f(Wif2(Wifi (Wha +05) +3) +53) ©)
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q
where nominal actuated joint variable g = | g, | is the input vector, and the desired
q3
%o . .
end-effector pose 6y = | Bo | is the output vector. The pre-trained parameters Wy, and by,
o

_________________

are extracted and transferred, serving as the initial values for the target domain network
parameters W' and b’ (i = 1,2,3). Subsequently, the target domain network is further
trained using actual poses. The neural network, trained using this approach, is referred to
as a “transfer network” in this study. Its comparative group is a conventional BP neural
network, which is initialized with random weights and biases and trained only using actual
poses. The establishment schemes of the two neural networks are shown in Figure 4.

\\//

\\\ ”l/

‘\\\\ II//

\ ,

I\

Transfer network

.\\,;ﬁ
i

M\\\ Il‘\:
O ,4

Conventional BP network

Figure 4. Establishment schemes of the transfer network and the conventional BP network.

3.3. Evaluation Index

This paper utilizes both the transfer network and the conventional BP neural network
to predict the actual poses separately. To quantitatively evaluate the similarity between the
actual pose 8 and its predicted value 8, the pose error calculation formula is presented first.
The desired and actual orientation matrices are denoted as R, and Ry, respectively. Based
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on the premise that the orientation error is small, the orientation error matrix AR can be
written as [27]
€11 €12 €13
AR=R{'Ry = |es1 exn e 7)
€31 €32 €33

From Equation (7), the orientation errors of the moving platform can be obtained.

Aw 3 — €3
A= |AB| =2 |es—en (8)
Ay €21 — €12

Based on the obtained orientation errors, accuracy evaluation indices are defined
for each configuration from both an overall perspective and accuracy in each individual
orientation direction.

Evaluation index 1: According to ISO 230-1 [28], the orientation volumetric error ||A6|
of the end-effector is used to measure the difference between the actual pose 6 and its
predicted value 8. A smaller ||A8|| indicates better prediction performance.

186]] = /802 + A2 + A2 )

Evaluation index 2: The orientation errors ||Ax/||, ||AB||, ||Avy|| for each individual
orientation direction are defined to measure the differences between the actual poses «, 3,
v and their predicted values &, E, 4, respectively, for rotations around the x, y, and z axes.
Smaller values of ||Ax||, ||AB]|, ||Ay|| indicate a better prediction performance.

1Aal| = VA2, [AB] = /A2, [|A]| = /A2 (10)

3.4. Implementation of Transfer Learning
3.4.1. Simulation Process

The simulation process for establishing the transfer network can be divided into the
following steps:

e  Step 1: Select source domain configurations. The rotational angle ranges of the moving
platform around the x, y, and z axes are —20° to 20°, —20° to 20°, and —10° to 10°,
respectively. Considering the typical scenario in transfer learning, where the source
domain often has a much larger sample size than the target domain, 1331 desired
end-effector poses within the workspace are uniformly selected as the source domain
configurations (as shown in Figure 5a).

e  Step 2: Select target domain configurations. According to the method described in
reference [29], a full-parameter geometric error model for the 3-UPS/S mechanism is
established. The error source parameters identified through the preliminary geometric
identification method are assigned to each error source. The error model is then
used to generate end-effector pose errors. Superimposing these end-effector pose
errors onto 150 uniformly selected configurations (as shown in Figure 5b) and adding
Gaussian noise with a standard deviation of 2 um to simulate measurement noise
according to the method mentioned in ISO-9283 [30] yields 150 actual end-effector
poses for simulation.

e  Step 3: Obtain the source domain and target domain datasets. For the selected two
types of configurations, nominal actuated joint variables are calculated by substituting
into Equation (2) and used as inputs for both the source and target networks. The
desired poses and the actual poses obtained in steps 1 and 2 are taken as the outputs
of the source and target networks, respectively.

e  Step 4: A four-layer BP neural network is established and randomly initialized. Pre-
training is performed using 1331 source domain samples.
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e  Step 5: The weights and biases, trained by the pre-training network, are all extracted
and transferred as the initial value for the target network. Subsequently, the target
network is further trained using target domain samples, randomly selecting 80% for
training and the remaining 20% for testing.

e  Step 6: The predictive accuracy is assessed by the testing set.

ponesy
/N /N

A WANAN

2 WA WANEARN
N NZNZ N

—20 —20
(a) (b)

Figure 5. Configuration selection schemes. (a) 1331 configurations used to generate data for the

source domain; (b) 150 configurations used to generate data for the target domain.

The simulation process of the conventional BP neural network is simpler compared
to the transfer network, as it only trains the initial network structure using target domain
samples. During the training process, the BP neural network and the transfer network
have the same hidden layer node numbers, training algorithms, epoch limits, and other
parameters. This parameter setup ensures that any differences in network training results
are attributed to whether pre-training was conducted or not, rather than variations in
parameters. As a result, the effectiveness of the proposed shipborne stabilized platform
calibration method based on transfer learning can be accurately evaluated.

3.4.2. Simulation Results and Discussion

Following the simulated process described in the preceding section, the transfer
network and BP network are separately trained. Subsequently, their performances are
evaluated using defined evaluation indices. Based on the simulation results, the impact
of transfer learning methods on the prediction ability of the network is validated. The
performance comparisons of the two models on the training and testing configurations are
shown in Figures 6 and 7, respectively.

It can be observed that using either the BP network or the transfer network for predictions,
the error evaluation indices after calibration are both smaller than those before. However, in
terms of the comparison of calibration accuracy between the two networks, whether in training
or testing configurations, the transfer network proposed in this paper demonstrates a more
precise prediction compared to the BP network. On our more focused testing configurations,
after prediction with the transfer network, the mean orientation errors for three orientation
directions ||Aal|, ||AB]|, ||Ay|| and the mean orientation volumetric error ||A8|| decreased
from 0.177°,0.047°, 0.051°, and 0.195° before calibration to 0.005°, 0.007°, 0.010°, and 0.015°
after calibration. In contrast, when using the BP network for prediction, these indices only
decreased to 0.021°, 0.018°, 0.024°, and 0.040°, respectively. Moreover, the maximums and
standard deviations of the evaluation indices obtained by the transfer network are significantly
smaller than those of the BP network (see Tables 1 and 2 for details). It can be judged that the
transfer network exhibits stronger generalization capabilities, enabling the model to better
cope with variations and complexities in the target domain. Even with limited measured
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configuration data, the transfer network achieves great and stable prediction performance,
demonstrating the superiority of applying this method to kinematic calibration on shipborne

stabilized platforms.

Before calibration

—— BP network

—

Transfer network

log[lAal (° )]

0

30

Training configurations

@)

60

90

120

log o[ 1AB1(° ) ]

30

60

920 120

Training configurations

(b)

: — 100
b < 10"
5
b 2 2
— — 10
& &
o)
—_— 2 10—3
0 30 60 90 120 30 60 90 120
Training configurations Training configurations
(© (d)
Figure 6. Performance comparison of the transfer network and the BP network on the training
configurations. (a) In the direction of rotation around the x-axis; (b) in the direction of rotation around
the y-axis; (c) in the direction of rotation around the z-axis; (d) overall accuracy.
Table 1. Simulated comparison of orientation errors for each individual orientation direction on
testing configurations.
Before Calibration BP Network Transfer Network
[Aa]| IAB]l Ayl [Aa]| [AB]l Ayl [[Aa]] Al Al
Mean (°) 0.177 0.047 0.051 0.021 0.018 0.024 0.005 0.007 0.010
Maximum (°) 0.421 0.144 0.196 0.112 0.067 0.089 0.024 0.042 0.049
SD (°) 0.093 0.038 0.043 0.024 0.016 0.021 0.005 0.009 0.011
Table 2. Simulated comparison of orientation volumetric error ||A8|| on testing configurations.
Before Calibration BP Network Transfer Network
Mean (°) 0.195 0.040 0.015
Maximum (°) 0.479 0.136 0.055
SD (°) 0.099 0.031 0.014
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Figure 7. Performance comparison of the transfer network and the BP network on the testing
configurations. (a) In the direction of rotation around the x-axis; (b) in the direction of rotation around
the y-axis; (c) in the direction of rotation around the z-axis; (d) overall accuracy.

Finally, the end-effector pose # predicted using the transfer network is utilized for
error compensation. Error compensation serves as the last step in kinematic calibration.
The inverse displacement kinematics of 8 is performed to obtain g, which is then assigned
to g in the control system. This correction of actuated joint variables serves to compensate
for the end-effector pose error, aiming to bring the shipborne stabilized platform closer to
the desired pose.

3.5. Relationship between Transfer Learning and the Sample Number of the Actual Pose
3.5.1. Simulation Process

Considering that the amount of target domain data is one of the key factors in the
selection of transfer learning methods [31], this section further explores how different
sample numbers of the actual pose affect the effectiveness of transfer learning based on the
previous section (with 150 actual pose samples). The simulation strategy is to establish the
transfer network and the BP network under different sample numbers of the actual pose,
respectively. The simulation steps for establishing the transfer network are as follows:

e  Step 1: Select source domain configurations. The selection of source domain config-
urations is the same as step 1 in Section 3.4.1, i.e., 1331 configurations as shown in
Figure 5a.

e  Step 2: Select target domain configurations. To account for variations in the sample
number of the actual pose, the number of selected configurations in the target domain
is appropriately increased here to establish a broader research range for the sample
size. Consequently, 216 configurations are uniformly selected in the workspace (as
shown in Figure 8). Following the methodology outlined in step 2 of Section 3.4.1, the
corresponding 216 end-effector actual poses are obtained for simulation purposes.

e  Step 3: Obtain the source domain and target domain datasets. For the selected two
types of configurations, nominal actuated joint variables are calculated by substituting
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them into Equation (2) and used as inputs for both the source and target networks. The
desired poses and the actual poses obtained in steps 1 and 2 are taken as the outputs
of the source and target networks, respectively.

e  Step 4: A four-layer BP neural network is established and randomly initialized. Pre-
training is performed using 1331 source domain samples.

e  Step 5: “n” samples are selected from a total of 216 samples to construct the training
set and testing set, with 80% for training and 20% for testing.

e  Step 6: The weights and biases, trained by the pre-training network, are all extracted
and transferred as the initial value for the target network. Subsequently, the target
network is further trained using target domain samples, and the completed training
model is saved.

Step 7: Steps 4~6 are repeated for each value of “n”.
Step 8: The predictive accuracy of each group of models is assessed by the testing set.
Note: n = {10k | k € Z, 1 < k < 21}.

=20 -20

Figure 8. The 216 configurations used to generate data for the target domain.

The conventional BP network also uses a similar set of “n” target domain samples
for simulation. Similarly, its training approach only utilizes target domain data to train
the initial network structure while keeping the other parameter settings consistent with
the transfer network. In other words, 21 models for both the transfer network and the
BP network will be trained under 21 different sample numbers of the actual pose. The
simulation process for establishing transfer learning models and BP models under different
sample numbers of the actual pose is illustrated in Figure 9.

Take n samples _| Initialization with transferred ] Train
weights & biases networks

Transfer all weights & biases 1

|

|

|

|

|

| Source Initialization with || Extract weights
|

|

-

Test

dataset random weights & biases & biases

[ Target dataset J Transfer network Compare
(Initial n value=10) results
7y BP network
F——————————
| . Initialization with |, Train
: Take n samples | random weights & biases networks

Figure 9. Simulation process for establishing transfer learning models and BP models under different
sample numbers of the actual pose.
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3.5.2. Simulation Results and Discussion

Following the simulated process described in the preceding section, multiple sets of
transfer networks and BP network models are trained by varying the number of actual
pose samples. Based on the simulation results, how the sample number of the actual pose
obtained in the field of shipborne stabilized platform calibration affects the effectiveness of
the transfer learning method is explored. The performance comparison on the testing set of
the transfer network and the BP network under varying sample numbers of the actual pose
is illustrated in Figure 10.

Each subplot in Figure 10 is divided into three ranges based on the sample number
of the actual pose, with the numerical values on the graph indicating the average of the
evaluation index for the respective range. It can be observed that transfer learning exhibits
varying effects under different sample numbers of the actual pose.

e 10 < n < 50. In this sample range, the transfer networks exhibit a lower average
prediction error compared to the BP networks, indicating a notable performance
advantage. However, due to the extremely limited number of samples, the predicted
accuracy of the networks is constrained. Even for the higher-precision transfer network,
the average orientation volumetric error || A8|| after calibration in this range can only be
reduced to 1.158°, which is larger than that before calibration of 0.203°. This contradicts
the purpose of error compensation. As a result, within this range, neither the transfer
network nor the BP network can meet the practical application requirements in marine
engineering. They are not acceptable in the field of shipborne stabilized platforms’
kinematic calibration.

e 50 < n < 180. In this range, considering each evaluation index, transfer networks
continue to demonstrate certain performance advantages over the BP networks. The
average ||A8|| for transfer networks is 0.364°, smaller than the BP networks’ 0.038°.
Furthermore, as the sample size increases, the transfer network achieves improved
absolute prediction accuracy, notably surpassing the accuracy before calibration. This
indicates that not only can the transfer network meet the practical calibration ap-
plication requirements, but it also exhibits stronger predictive capabilities than the
conventional BP network. Thus, transfer learning is the most appropriate approach
within this range.

e 180 < n < 210. In this range, it can be observed that the lines representing the transfer
network and the BP network in the figure closely overlap, indicating no significant
difference in their performance. The performance improvement effect of the transfer
learning method becomes weak or even non-existent. Therefore, establishing and
training a relatively simple BP network is a better choice.

In the entire sample range, the relationship between the effectiveness of transfer
learning and the sample number of the actual pose can be summarized as follows: as
the number of the actual pose increases, the performance benefit of transfer learning
gradually declines and eventually vanishes. Additionally, although different performance
advantages of transfer networks are shown at different sample number ranges, transfer
learning does not negatively affect the network’s performance in any range. This implies
that the transfer network has a smaller prediction error when using the same sample
number, enhancing calibration accuracy. On the other hand, this suggests that the transfer
network requires fewer actual pose samples to achieve the same level of prediction accuracy,
saving measurement costs.
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Figure 10. Performance comparison on the testing set of the transfer networks and the BP network
under varying sample numbers of the actual pose. (a) In the direction of rotation around the x-axis;
(b) in the direction of rotation around the y-axis; (c) in the direction of rotation around the z-axis;
(d) overall accuracy.

4. Experiments

In this section, stability compensation experiments in a simulated maritime environ-
ment were conducted using a 3-UPS/S parallel robot. The effects of attitude compensation
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before and after calibration based on the BP network and transfer network are compared to
further validate the feasibility and effectiveness of the proposed transfer learning methods.

4.1. Experimental Scheme

The 3-UPS/S parallel stabilized platform is employed as a shipborne stabilized plat-
form to compensate for disturbances caused by the marine environment. Due to the high
cost of conducting experiments directly on a ship, the ship simulation platform is used
to mimic ship motions induced by factors such as sea waves. The experimental device is
shown in Figure 11, with a 3-UPS/S shipborne stabilized platform mounted on top of a
ship simulation platform. The ship simulation platform moves according to a predefined
command, while the stabilized platform controls the orientation of its moving platform
based on the data obtained from the inclinometer, ensuring that the orientation of the
moving platform remains horizontal with respect to the ground.

During the operation of the stability compensation experimental system, the inclinome-
ter on the ship simulation platform transmits data to the control system of the stabilized
platform. The control system calculates the required compensation attitudes, then employs
inverse displacement kinematics to determine the corresponding actuated joint variables,
enabling real-time compensation of the stabilized platform. The control strategy for the
three actuated limbs is position feedback control based on displacement sensors. Addition-
ally, an inclinometer is installed on the stabilized platform to monitor the compensation
effectiveness. The experimental operation diagram is illustrated in Figure 12.

To separately validate the calibration performance of the transfer network and the BP net-
work within the sample range suitable for transfer learning, the accuracies of the end-effector
pose trajectory of the stabilized platform before and after offline calibration by embedding
both the transfer network and the BP network into the controller are compared. Using the
target domain configurations selected in Section 3.4.1 (i.e., Figure 5b, 50 < n = 150 < 180,
within the sample range suitable for transfer learning methods) as collected measurement
samples, the experimental verification of the stabilized platform attitude compensation effect
is conducted. It should be noted that other settings, such as neural network hyperparameters,
in the experiment are kept consistent with the simulation.

Inclinometer

3-UPS SHibo

W)

Wz

Figure 11. Experimental device.
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Figure 12. Stability compensation experimental operation diagram.

4.2. Experimental Results and Discussion

The results of the stability compensation experiments based on the transfer network
and BP network are presented in Figures 13 and 14 for the training and testing configura-
tions, respectively. It can be observed that although both the BP network and the transfer
network effectively reduce end-effector pose errors through calibration, the proposed trans-
fer learning method achieves higher compensation accuracy under the same conditions.

log[lAal (° )]

log,o[ 1Ay (" ) ]

Before calibration —  BP network —= Transfer network
10°
_ 10"
S 107
s 107
=
107
0 30 60 90 120 0 30 60 920 120
Training configurations Training configurations
(a) (b)
- 10° ' | 4
= 10"
3
— 107
g 10
0 30 60 90 120 0 30 60 90 120
Training configurations Training configurations
(9 (d)

Figure 13. Stability compensation experiment results on the training configurations. (a) In the
direction of rotation around the x-axis; (b) in the direction of rotation around the y-axis; (c) in the
direction of rotation around the z-axis; (d) overall accuracy.

On the testing set, after calibrating the stabilized platform based on the transfer net-
work, the mean orientation error of rotation around the x-axis ||Ax|| decreases from 0.245°
to 0.009°. The mean orientation error of rotation around the y-axis ||Ap|| decreases from
0.051° to 0.006°, and the mean orientation error of rotation around the z-axis | Ay || decreases



J. Mar. Sci. Eng. 2024, 12,275

17 of 20

from 0.043° to 0.008°. The mean orientation volumetric error ||A8|| decreases from 0.257°
to 0.017°. In addition, the maximums and standard deviations of the evaluation indices
also significantly decrease (see Tables 3 and 4 for details). Figure 15 shows the orientation
volumetric errors of the stabilized platform for all configurations before and after kinematic
calibration based on the transfer learning method, with the color bar representing the
magnitude of the orientation volumetric error. It can be observed that, under these 150 con-
figurations, the stability compensation system achieves the predetermined compensation
effect, and the results after compensation are stable with minimal fluctuations. These results
demonstrate the superior generalization ability of the transfer network and verify that the
proposed method can enhance the accuracy of the 3-UPS/S shipborne stabilized platform
and improve the effectiveness of attitude compensation.

Before calibration —= BP network —= Transfer network
04 J 0.15
0.3
- -~ 0.1
= 02 g
S Q
0.05 |
= 01| ‘ : =
0 0
0 5 10 15 20 25 30 0 5 10 15 20 25 30
Testing configurations Testing configurations
(a) (b)
0.15 0.4
~ o1} ~ 03
= 5
0 1-9I0 ,Iﬂ .1_” .Iﬁlc” II:
0 5 10 15 20 25 30 0 5 10 15 20 25 30
Testing configurations Testing configurations
() (d)
Figure 14. Stability compensation experiment results on the testing configurations. (a) In the direction
of rotation around the x-axis; (b) In the direction of rotation around the y-axis; (c) In the direction of
rotation around the z-axis; (d) Overall accuracy.
Table 3. Experimental comparison of orientation errors for each individual orientation direction on
testing configurations.
Before Calibration BP Network Transfer Network
[Aa| 1AB]| Ay [Aa| Al Ayl [[Aa] Al Ayl
Mean (°) 0.245 0.051 0.043 0.015 0.025 0.032 0.009 0.006 0.008
Maximum (°) 0.495 0.150 0.151 0.138 0.125 0.159 0.055 0.026 0.056
SD (°) 0.093 0.038 0.033 0.025 0.032 0.037 0.011 0.006 0.010
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Table 4. Experimental comparison of orientation volumetric error ||A6|| on testing configurations.

Before Calibration BP Network Transfer Network
Mean (°) 0.257 0.051 0.017
Maximum (°) 0.506 0.245 0.062
SD (°) 0.090 0.049 0.014
IAOI (° ) IAOI (° )
0.8 0.06
0 0.05
0.6
0.04
0.5
0.4 0.03
03 0.02
0.2 0.01
0.1
(a) (b)

Figure 15. Orientation volumetric errors of the stabilized platform for all configurations. (a) Before

calibration. (b) After calibration based on the transfer learning method.

5. Conclusions

In this study, a kinematic calibration method for the shipborne stabilized platform

based on transfer learning was proposed, providing new technological insights to solve the
low accuracy problem of conventional neural networks in approximating small-sample
measured configurations. The conclusions are as follows:

A kinematic calibration method for the 3-UPS/S shipborne stabilized platform based
on transfer learning was proposed. The method takes “building a mapping model
from nominal actuated joint variables to desired end-effector poses” as the source
task and “building a mapping model from nominal actuated joint variables to actual
end-effector poses” as the target task. Compared with the conventional BP neural
network, the method can fully explore and utilize the kinematic information of ideal
robot systems. It not only effectively solves the problem of low accuracy when approx-
imating small-sample datasets, but also greatly reduces calibration costs and improves
calibration efficiency.

The impact of the sample number of the actual pose on the effectiveness of transfer
learning was investigated. By constructing multiple sets of transfer network models
and BP network models under varying sample numbers of the actual pose, the im-
pact pattern was generalized to be that “as the number of the actual pose increases,
the performance benefit of transfer learning gradually declines and eventually van-
ishes.” Furthermore, the research range of actual pose sample sizes was quantitatively
categorized into three scenarios, and optimal kinematic calibration methods were
recommended for each, providing valuable ocean engineering guidance.

Stability compensation experiments were conducted in a simulated maritime environ-
ment. After kinematic calibration based on the transfer learning method, the average
orientation volumetric error of the 3-UPS/S robot decreased from 0.257° to 0.017°,
representing a 93.4% improvement in accuracy, which is significantly better than
the calibration effect achieved by the BP network. The experimental results demon-
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strate that kinematic calibration based on transfer learning substantially enhances the
end-effector accuracy of the shipborne stabilized platform.

To further advance research on kinematic calibration for shipborne stabilized platforms
based on transfer learning, it is essential to consider a more comprehensive range of factors
influencing transfer learning, such as the quantity of pre-training data. Furthermore,
conducting research on shipborne stabilized platforms with different degrees of freedom to
explore the generalizability of this method is also a key focus for future research.
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