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Abstract

To compensate for hysteresis, low damping vibration, and their coupling effects, this paper
proposes a gated recurrent unit and convolutional neural network (GRU-CNN) model
as a feedforward control model that maps desired displacement trajectories to driving
voltages. The GRU-CNN integrates a gated recurrent unit (GRU) layer to capture long-term
temporal dependencies, a multi-layer convolutional neural network (CNN) to extract local
data features, and residual connections to mitigate information distortion. The GRU-CNN
is then combined with transfer learning (TL) for feedforward control of cross-batch and
cross-type piezoelectric actuators (PEAs), so as to reduce reliance on training datasets. The
analysis focuses on the impacts of target PEA data volume and source-target similarity
on transfer learning strategies. The GRU-CNN trained on PEA #1 achieves high control
accuracy, with a mean absolute error (MAE) of 0.077, a root mean square error (RMSE) of
0.129, and a coefficient of determination (R2) of 0.997. When transferred to cross-batch PEA
#2 and cross-type PEA #3, the GRU-CNN feedforward controller still delivers favorable
performance; R2 values all exceed 0.98, representing at least a 27% improvement compared
to training from scratch. These results indicate that the proposed transfer learning-based
feedforward control method can effectively reduce retraining effort, suggesting its potential
applicability to batch production scenarios.

Keywords: piezoelectric actuator; hysteresis; transfer learning; feedforward control

1. Introduction
As a type of precision positioning device, piezoelectric actuators (PEAs) are widely

used in high-precision manufacturing. Compared with traditional actuators, they exhibit
superior performance, including high resolution, large output force, and fast response [1].
However, the hysteretic behavior of PEAs, which is characterized by time-variability,
unsteadiness, and nonlinearity, can significantly degrade positioning accuracy. In particular,
variations in the excitation frequency lead to changes in both displacement responses and
hysteresis loop morphology. This phenomenon has been reported to cause inconsistent
deformation in actuator components and consequent positioning instability [2]. Therefore,
the development of effective control models is essential for improving the positioning
performance of PEAs.

Historically, hysteresis models have been primarily derived from the physical prop-
erties of piezoelectric materials. These mechanism-based models describe hysteresis by
exploiting physical quantities such as stress, strain, magnetic flux density, and electric
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field strength, with the aim of capturing the intrinsic origins of hysteretic behavior. Rep-
resentative models include the Jiles–Atherton [3], Maxwell [4], and Dahl [5]. However,
the multi-physics nature of practical engineering systems introduces numerous unknown
parameters, complex computational procedures, and challenges in measuring physical
quantities. As a result, purely mechanism-based models often exhibit limited flexibility
and accuracy when applied to hysteresis compensation. In response, researchers have
increasingly turned to phenomenological models, which characterize hysteresis loops with-
out explicitly modeling the underlying physical mechanisms. Classical phenomenological
models include the Preisach [6], Prandtl–Ishilinskii [7], and Bouc–Wen [8]. Although these
models offer improved flexibility, their accuracy can degrade when handling complex
excitation signals. To better capture frequency-dependent hysteresis effects, dynamic ex-
tensions of classical models have been proposed. For example, Dong et al. [9] extended
the input space by incorporating generalized gradients and input derivatives, but this
approach requires complex parameter identification and manual feature extraction. More
recently, neural-network-based models have attracted growing attention for hysteresis
modeling and control. Serpico and Visone [10] demonstrated the feasibility of applying
feed-forward neural networks (NNs) to represent rate-independent hysteresis behavior.
Adly and Abd-El-Hafiz [11] proposed a hybrid model that combines the Preisach model
with a neural network to improve modeling accuracy. Yan et al. [12] further observed
that hysteresis exhibits long-term memory behavior, and thus advocated the use of long
short-term memory (LSTM) networks to capture hysteretic nonlinearities over a wide range
of operating frequencies.

Despite these advances, two critical challenges remain. Firstly, the coupling of hystere-
sis and low damping vibration in PEAs complicates the morphology of hysteresis loops,
posing significant difficulties for accurate nonlinear control. Existing models, such as the
Hammerstein model [13], typically simplify non-hysteretic dynamics into a second-order
linear system, which may be insufficient to comprehensively capture all factors affecting
PEA positioning accuracy. Although Cheng et al. [14] established two nonlinear autore-
gressive moving average with exogenous input (NARMAX) models to represent cascaded
hysteresis and dynamic subsystems; their approach requires two distinct types of exci-
tation signals for system identification, thereby increasing the data acquisition burden.
More importantly, the coupling effect between hysteresis and low-damping vibration is
not explicitly addressed in their framework. Secondly, in cross-batch and cross-type PEA
scenarios, neural network-based models require sufficient experimental data from each
individual actuator for effective training. This results in repeated and time-consuming
training processes whenever a new actuator is introduced, which is impractical in batch
production settings. Transfer learning (TL) provides a promising solution to this challenge.
When two actuators exhibit strong correlations, TL enables the transfer of knowledge
learned from a source actuator to a target actuator, thereby improving learning efficiency
and reducing the need for training from scratch. For example, Shao et al. [15] used a
pre-trained VGG-16 network and fine-tuned it using time–frequency graphs obtained via
wavelet transform to achieve cross-domain fault diagnosis. Liu et al. [16] verified the
feasibility of TL for fault diagnosis across different metal 3D printers. Li et al. [17] applied
TL to new materials to alleviate low prediction accuracy in magnetic component power
loss modeling. However, few studies, such as [18–20], have explored the application of
transfer learning in PEA systems, and there has been no investigation into how different
transfer-learning strategies or target-domain data volumes influence model performance in
cross-batch and cross-type PEA scenarios.

To investigate the feasibility and effectiveness of transfer learning strategies for piezo-
electric actuators, this study proposes a gated recurrent unit-convolutional neural network
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(GRU-CNN) combined with transfer learning for feedforward control of PEA nonlinearities.
The main contributions of this work are summarized as follows:

(1) Feedforward control of coupled nonlinearities. To address the coupling between
hysteresis and low damping vibration, a GRU-CNN-based nonlinear feedforward controller
is developed to improve displacement control accuracy. The proposed model integrates
a gated recurrent unit (GRU) layer to capture long-term temporal dependencies and a
multi-layer convolutional neural network (CNN) to extract local data features. In addition,
residual connections are incorporated to mitigate information distortion and facilitate
effective gradient propagation. Experimental results demonstrate that the proposed con-
troller can achieve accurate compensation of hysteresis, low-damping vibration, and their
coupling, with a mean absolute error (MAE) of 0.077, a root mean square error (RMSE) of
0.129, and a coefficient of determination (R2) of 0.997.

(2) Analysis of transfer-learning strategies for cross-batch and cross-type PEAs. This
study investigates the potential of transfer learning for cross-batch and cross-type PEAs
by considering four representative transfer-learning strategies and analyzing the effects
of target-domain data volume and source-target similarity on transfer performance. For
the cross-batch PEA #2 with a limited target dataset of 125 samples, fine-tuning selected
layers of the pre-trained model yields substantially improved performance compared with
training from scratch, resulting in an 85% reduction in MAE, an 82% reduction in RMSE,
and a 27% increase in R2. For the cross-type PEA #3 under the same data constraint,
fine-tuning the pre-trained model achieves an 83% reduction in MAE, an 81% reduction in
RMSE, and a 46% increase in R2 relative to training from scratch. These results highlight
the effectiveness of transfer learning in reducing data requirements and retraining effort.

2. Piezoelectric Actuator System
2.1. Piezoelectric Actuator

The piezoelectric actuator is employed to provide precise uniaxial motion. It integrates
two multi-layer stacked piezoelectric ceramics P-887.91 (Physik Instrumente Ceramic
GmbH, Lederhose, Thuringia, Germany), which drive a lever-type compliant amplification
mechanism to generate motion along the target axis, as shown in Figure 1a. When excited
by an applied voltage ranging from 0 V to 150 V, the actuator achieves a maximum travel
range of 2.21 mm. As shown in Figure 1b, PEAs #1 and #2 have identical mechanical
structures but originate from different production batches. In contrast, PEA #3 differs
structurally from the first two, as its shorter compliant amplification mechanism results
in a reduced travel range. When a sinusoidal voltage with a frequency of 100 Hz and
an amplitude of 105 V is applied, as illustrated in Figure 1c, the dynamic displacement
responses of PEAs #1, #2, and #3 exhibit noticeable differences. Although PEAs #1 and #2
share the same structural design, variations in their response data are observed, which can
be primarily attributed to assembly tolerances and preload variations.

2.2. Test Platform

The test platform for the PEAs is shown in Figure 2. To measure the displacement
of each PEA, a head-spot type position sensor LK-H020 (Keyence Corporation, Osaka,
Japan) is employed, featuring a measuring range of ±3 mm and a measuring accuracy
of 0.02 µm (±0.02% F.S.). The sensor controller LK-G5001 (Keyence Corporation, Osaka,
Japan) provides an analog output proportional to the measured displacement, with a
voltage range of 0 V to 10 V. A power amplifier module with a fixed gain of 15 is used to
drive the PEAs. The voltage curves are generated via a MATLAB (v2024a) program, with
an amplitude range of 0 V to 10 V. Consequently, the output voltage of the power amplifier
module ranges from 0 V to 150 V. All voltage and displacement signals are synchronously
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acquired using a 16-bit data acquisition card NI USB-6218 (National Instruments, Austin,
TX, USA), with the sampling frequency set to 10 k Hz.

  
(a) (b) 

 
(c) 

Figure 1. Piezoelectric actuators. (a) Mechanical structure; (b) physical prototype; (c) displacement
responses of PEAs #1, #2, and #3 subjected to identical voltage excitation.

 

Figure 2. Piezoelectric actuator test platform.

2.3. Nonlinearity Analysis

The dynamic behavior of PEAs is influenced not only by hysteresis but also by system
properties such as stiffness and damping [21]. Hysteresis refers to the delay of displacement
response relative to voltage variation, which exhibits history dependence, nonlinearity, and
non-monotonicity [22]. It has been demonstrated that hysteresis can cause 15–35% open-
loop positioning errors [23]. When the excitation frequency is fixed at 100 Hz, Figure 3a
shows that the width of the hysteresis loop increases to varying extents as the maximum
amplitude of the voltage signal increases. Specifically, for sinusoidal voltages with ampli-
tudes of 30 V, 60 V, 90 V, and 120 V, the corresponding hysteresis loop widths are 43.4%,
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42.9%, 42.7%, and 47.5%, respectively, with displacement ranges of 0.31 mm, 0.70 mm,
1.13 mm, and 1.48 mm. In addition to amplitude dependence, the displacement behavior of
PEAs is also strongly frequency-dependent. When the maximum voltage amplitude is fixed
at 102 V and the excitation frequency varies, the positioning response changes accordingly.
As shown in Figure 3b, with increasing signal frequency, the hysteresis loop of the PEA
gradually expands, the hysteresis effect becomes more pronounced, and the displacement
range varies. Specifically, for sinusoidal voltages with frequencies of 10 Hz, 50 Hz, 100 Hz,
and 150 Hz, the hysteresis loop widths are 20.6%, 40.5%, 69.5%, and 71.8%, respectively,
with corresponding displacement ranges of 0.94 mm, 0.95 mm, 1.04 mm, and 1.58 mm.

  
(a) (b) 

Figure 3. Hysteresis characteristic of the piezoelectric actuator. (a) Amplitude correlation; (b) fre-
quency correlation.

The influence of low damping vibration on the nonlinear hysteresis behavior of
PEAs is minimal when operating at low excitation frequencies, particularly below 10 Hz.
However, as the excitation frequency increases, hysteresis control becomes particularly
challenging. Preliminary system identification indicates that PEA #1 has a damping ratio of
0.13 at its natural frequency of 2060 rad/s. The amplitude–frequency and phase–frequency
characteristics of PEA #1 over a frequency range of 10–1000 Hz are presented in Figure 4.
Near the frequency range of 300–400 Hz, the phase–frequency response exhibits a sharp
decrease followed by a rapid increase, resulting in extremely poor actuator performance. In
addition, as observed in Figure 3b, the shape of the hysteresis curve at 150 Hz differs from
those at other frequencies. This deviation is attributed to the influence of low damping
vibration, which becomes increasingly significant as the excitation frequency increases.

  
(a) (b) 

Figure 4. Low damping vibration characteristic of the piezoelectric actuator. (a) Amplitude frequency
response; (b) phase frequency response.
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2.4. Datasets Description

The experimental data should include sufficient input–output information of the PEA,
covering the entire frequency and amplitude range of interest. Considering the frequency-
dependent and amplitude-dependent characteristics of PEAs, the voltage U is synthesized
as a set of single-period signals, each defined by a unique pairs ( fi, Ai), where fi and
Ai denote the excitation frequency and voltage amplitude, respectively. The excitation
frequencies are limited to below 200 Hz to account for service-life considerations and to
reflect typical operating conditions in precision positioning applications. Firstly, 1000 points
are uniformly randomly generated on the frequency–amplitude plane, where the frequency
range is set to 10–200 Hz and the voltage amplitude range is maintained at 0–150 V. Then,
the k-means clustering algorithm [24] is used to select appropriate ( fi, Ai) pairs from these
1000 points. Besides sinusoidal signals, the voltage set U also includes triangular signals,
frequency-varying signals, amplitude-varying signals, and random signals. Finally, these
voltages U and their corresponding displacements Y are collected from the test platform.
Each sample is uniformly discretized into 1000 time points, forming a time series that
represents the temporal evolution of the displacement–voltage pair. Additionally, a zero-
phase low-pass filter is applied to reduce noise in the displacements Y. The four types of
experimental samples used in this study are shown in Figure 5.

  
(a) (b) 

  
(c) (d) 

Figure 5. Experimental samples for the piezoelectric actuator. (a) Sinusoidal signals; (b) amplitude-
varying signals; (c) frequency-varying signals; (d) mixed-frequency signals.

Before model training, these experimental samples are normalized to the range [0, 1]
to minimize the impact of variable scales on network training. The normalization formula
is given by

x∗ =
x − xmin

xmax − xmin
(1)

where x denotes the experimental sample, xmax and xmin represent the maximum and
minimum values of all experimental samples, respectively, and x∗ is the normalized experi-
mental sample.

In this study, PEA #1 serves as the source domain, while PEAs #2 and #3 serve as the
target domains. The dataset size for PEA #1 is 15,000 samples, whereas the dataset sizes for
PEAs #2 and #3 are set to 65, 125, 500, 2000, and 8000 samples, respectively. These varying
dataset sizes correspond to different transfer learning scenarios, which are designed to
simulate the performance of the transfer learning model under conditions of different
data volume constraints. The performance differences between models are evaluated by
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averaging the results of 10-fold cross-validation, which is performed on both the source
and target domain datasets for comprehensive comparison. Meanwhile, 1200 untrained
test samples are selected from each target domain to verify the generalization ability of the
transfer learning models.

3. Methodology
The proposed transfer learning-based feedforward control framework for piezoelectric

actuators consists of three main steps. Step 1 describes the data acquisition and preprocess-
ing process for the PEA system. Step 2 presents the GRU-CNN feedforward model trained
on the source domain, which learns the mapping from displacement sequences to the
corresponding driving voltage. Step 3 introduces the evaluation and selection of transfer-
learning strategies under different scenarios. An overview of the complete framework is
illustrated in Figure 6.

Step1. Data acquisition and 
preprocessing

Computer NI USB-6218

Power amplifier

LK-H020

( )u t

( )d t

PEA system 

Step2. GRU-CNN feedforward 
model for source domain

ˆt Ty +

1ˆt Ty + −

2ˆt Ty + −

2ˆty +

1ˆty +

ˆty

Source 
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卷
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层
1

卷积层1

卷
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层
1

卷积层1...
tX

1tX +

2tX +

1t TX + −

2t TX + −

t TX +

... ... ... ...

Input: displacement Output: voltage 

Step3. Transfer learning strategy 
evaluation and selection

 •  Data volume
 •  Source-target similarity
 •  Cross-batch / Cross type

Case definition 

•  Training model from scratch
•  Fine-tuning pre-trained model
•  Fine-tuning low layers of pre-trained model 
•  Fine-tuning the last dense layer of pre-
trained model

Transfer learning strategy

 

Figure 6. Overview of the proposed transfer learning-based feedforward control framework.

3.1. GRU-CNN

GRU, an improved variant of LSTM, integrates the input and forget gates of LSTM into
a separate update gate. This modification reduces the number of training parameters while
maintaining predictive performance comparable to LSTM [25]. Its structure is composed of
a unit with a reset gate, an update gate, and a hidden state, enabling dynamic processing of
input data at each time step and effectively mitigating the gradient vanishing problem. The
principle of this unit is as follows:

rt = σ(Wrxt + Urht−1 + br) (2)

zt = σ(Wzxt + Uzht−1 + bz) (3)
∼
ht = tanh(Whxt + Uh(rt ⊙ ht−1) + bh) (4)

ht = (1 − zt)⊙
∼
ht + zt ⊙ ht−1 (5)

where xt is the input at time step t, ht−1 and ht are the previous and current hidden states,

rt and zt denote to the reset gate and update gate, respectively,
∼
ht is the candidate hidden

state, σ(·) is to the sigmoid activation function, tanh(·) is the hyperbolic tangent activation
function, and ⊙ denotes the Hadamard product. Wr, Wz, Wh and Ur, Uz, Uh are the input
and recurrent weight matrices, respectively, and br, bz, bh are bias vectors.

The multi-layer CNN structure is constructed by sequentially stacking one-dimensional
convolution layers, activation layers, dropout layers, and residual connections. The con-
volution layer performs repeated filtering operations to generate feature maps, which
characterize specific attributes associated with data points [26]. For this process, the input
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is convolved with a set of weights (referred to as kernels), and the operation is mathemati-
cally expressed as

xl
k =

Nl−1

∑
i=1

conv1D
(

wl−1
ik , sl−1

i

)
+ bl

k (6)

where xl
k is the output of the kth neuron at layer l, bl

k is the bias of the kth neuron at layer l,
sl−1

i represents the output of the ith neuron at layer l − 1, wl−1
ik represents the kernel from

the ith neuron at layer l − 1 to the kth neuron at layer l, conv1D(·) refers to one-dimensional
convolution with zero-padding. The outputs xl

k and sl−1
i have equal dimensions.

Subsequently, xl
k is fed into the activation layer, where the rectified linear unit

(ReLU) [27] is adopted as the activation function. ReLU sets negative inputs to zero
and retains non-negative inputs, enabling the model to learn faster from training data and
further alleviate the gradient vanishing problem. Its expression is given by

yl
k = max

(
0, xl

k

)
(7)

where yl
k denotes the output of the activation layer.

Furthermore, dropout [28] is employed as a regularization technique to enhance the
model’s generalization performance on unseen data. It works by randomly deactivating a
subset of neurons during training to avoid over-reliance on specific features.

The residual connection [29], also known as the jump connection, propagates the
input through multiple layers and maximize the fusion of high-order features with low-
order features. This design reduces information loss and prevents degradation of learning
performance in deep CNNs. The expression of the residual connection is

o = F(x) + C(x) (8)

where F(x) represents a series of transformations applied to the input x and C(x) refers to
a 1 × 1 convolution operation.

In this study, multiple samples are grouped into mini-batches and organized as three-
dimensional tensors with the format (batch size, sequence length, feature dimension). When
both the batch size and feature dimension are set to 1, the input sequence is denoted as
{x1, x2, . . . , xt}, and the corresponding output sequence is {y1, y2, . . . , yt}. The GRU-CNN
model aims to establish the mapping between the input and output sequences, which can be
expressed as (y1, y2, . . . , yt) = f (x1, x2, . . . , xt). The overall architecture of the GRU-CNN
model is illustrated in Figure 7. It consists of an input layer, one GRU layer, two CNN
layers, three dense layers, and an output layer. The input sequence is first processed by
the GRU layer, which captures long-term historical information to model the long-term
dependence and nonlinear memory behaviors of hysteresis. Next, the CNN layers apply
kernel filtering to the entire output of the GRU layer to extract local trend features. Finally,
the three dense layers perform feature integration and output the final predictions. The
mean squared error (MSE) is adopted as the objective function to minimize the discrepancy
between the actual output sequence {y1, y2, . . . , yt} and the predicted output sequence
{ŷ1, ŷ2, . . . , ŷt}.

3.2. Transfer Learning Strategy

TL can generally be categorized into four basic paradigms: instance-based, feature-
based, model-based and relational-based [30]. Since the hysteresis law for PEAs can be
reflected in the structure and parameters of the model, and the learned knowledge resides
in the weights and biases of different layers is inheritable, the model-based TL is used in
this study. This knowledge is not only specific to the dataset for an actuator under a single

https://doi.org/10.3390/app16031305

https://doi.org/10.3390/app16031305


Appl. Sci. 2026, 16, 1305 9 of 22

working condition, but can also be applied to hysteresis control for different PEAs under
different working conditions.

 
Figure 7. Framework of the GRU-CNN model.

To analyze the impact of different layer parameters processing on TL and verify that TL
is an effective improvement, four training strategies are designed. The specific explanations
for the four strategies are as follows:

1. Training model from scratch (Model 1). A GRU-CNN model is trained directly on
the target PEA datasets.

2. Fine-tuning pre-trained model (Model 2). The pre-trained GRU-CNN model is
fine-tuned with its entire structure and parameters fully retained.

3. Fine-tuning low layers of pre-trained model (Model 3). While retaining the structure
and parameters of the pre-trained model, the parameters of the GRU and CNN layers are
frozen, and the remaining network parameters are retrained using target PEA data.

4. Fine-tuning the last dense layer of pre-trained model (Model 4). On the basis of
retaining the pre-trained model’s structure and parameters, the parameters of the GRU lay-
ers, CNN layers, Dense layer 1, and Dense layer 2 are preserved, while only the parameters
of Dense layer 3 are retrained.

4. Experimental Results and Analysis
4.1. Validation of the GRU-CNN Model Trained on PEA #1

This section validates the effectiveness of the proposed GRU-CNN model through
ablation and contrast experiments. The model is deployed as an offline-trained feedforward
controller for compensating hysteresis and low-damping vibration of PEAs. The input
to the model is the desired displacement trajectory, and the output is the driving voltage
required to achieve this trajectory.

4.1.1. Ablation Experiment

To ensure robust performance across diverse data partitions, 10-fold cross-validation is
implemented for all models. The performance discrepancies between models are evaluated
by averaging the results of 10 validation trials. All models are trained using PyTorch 1.10.2-
based deep learning packages on a computer equipped with one NVIDIA GTX 3080Ti GPU.
A fixed random seed of 1024 is set to maintain consistent initialization parameters across
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training sessions. The number of training epochs, the batch size, and the initial learning
rate are set to 100, 100, and 0.001, respectively. The Adamax optimizer [31] is employed to
update the model parameters, with exponential decay rates set to β1 = 0.9 and β2 = 0.999.
The learning rate is dynamically adjusted according to the MSE on the validation set. If
no improvement is observed for 10 epochs, the learning rate is reduced by multiplying it
by 0.9.

An empirically guided hyperparameter optimization algorithm is adopted for the
GRU-CNN model. The hyperparameter search ranges are defined based on prior studies
and preliminary experiments, including a GRU hidden neuron number ranging from 15
to 55, CNN convolution kernel sizes ranging from 2 to 7, dropout rates ranging from 0.1
to 0.5, and dense layer neuron numbers ranging from 5 to 45. The final hyperparameter
configuration is determined through cross-validation to balance control performance and
model complexity, and the optimal settings yielding the best control performance are
summarized in Table 1.

Table 1. Hyper-parameter setting of the GRU-CNN model.

Layer Parameter Input Dim Output Dim

Input layer 100 × 1000 × 1 *
GRU layer hidden neuron 35 100 × 1000 × 1 100 × 1000 × 35

CNN layer 1 kernel 2, stride 1, padding 1, channels 1000, dropout 0.1 100 × 1000 × 35 100 × 1000 × 35
CNN layer 2 kernel 2, stride 1, padding 1, channels 1000, dropout 0.1 100 × 1000 × 35 100 × 1000 × 35
Dense layer 1 neuron 25 100 × 1000 × 35 100 × 1000 × 25
Dense layer 2 neuron 25 100 × 1000 × 25 100 × 1000 × 25
Dense layer 3 neuron 1 100 × 1000 × 25 100 × 1000 × 1

1 × 1 conv kernel 1, stride 1, padding 0 channels 1000 100 × 1000 × 35 100 × 1000 × 35
Output layer 100 × 1000 × 1

* 100 denotes the batch size, 1000 denotes the temporal length of each sample, and 1 denotes the feature dimension.
The channels parameter in the CNN layers correspond to feature mappings along the temporal dimension.

Ablation experiments are conducted to validate the effectiveness of the GRU-CNN
architecture for feedforward control of PEAs. Three comparison models are considered,
including GRU, CNN and CNN-GRU. Model performance is evaluated using the MAE,
RMSE, and R2. These metrics are computed in the voltage domain and quantify the
discrepancy between the driving voltage predicted by the feedforward model and the
actual voltage applied to the PEA. Since the predicted voltage directly determines the
PEA input, higher voltage prediction accuracy leads to improved displacement tracking
performance. To ensure a fair comparison, the training dataset and test dataset used for
the GRU, CNN and CNN-GRU are identical to those used for the GRU-CNN model. Train
time is defined as the time required for a model to complete one training epoch on the
training dataset, while test time refers to the inference time required to process the entire
test dataset. GPU memory consumption represents the peak memory usage during model
training. The results of the ablation experiments are summarized in Table 2.

Table 2. Ablation experiment results.

Models GPU (MiB) Train Time Test Time
Evaluation Metrics

MAE RMSE R2

GRU 1880 4.05 s 0.39 s 0.392 ± 0.030 0.619 ± 0.047 0.920 ± 0.010
CNN 2442 0.78 s 0.10 s 0.157 ± 0.010 0.237 ± 0.019 0.988 ± 0.002

CNN-GRU 2648 5.23 s 0.42 s 0.243 ± 0.111 0.358 ± 0.134 0.972 ± 0.024
GRU-CNN 2843 6.39 s 0.53 s 0.090 ± 0.004 0.147 ± 0.008 0.996 ± 0.001
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As shown in Table 2, the GRU-CNN model achieves the best overall performance
across all evaluation metrics, yielding the lowest MAE and RMSE as well as the highest
R2. This performance gain can be attributed to the complementary strengths of the GRU
and CNN components. The GRU layer enhances the model’s ability to capture long-term
temporal dependencies in time-series data, while the CNN layers effectively extract local
feature patterns. In contrast, the GRU model exhibits inferior performance, which can be
attributed to its limited capability in capturing complex feature interactions. The CNN-
GRU model performs less effectively than both the CNN and GRU-CNN models, possibly
because convolutional feature extraction may disrupt temporal continuity that is critical for
GRU-based sequence modeling. Although the CNN model demonstrates superior training
and inference efficiency, indicating higher parameter efficiency, its prediction accuracy is
lower than that of the proposed GRU-CNN model. Despite higher computational costs,
including a GPU memory consumption of 2843 MiB, a train time of 6.39 s per epoch, and
a test time of 0.53 s for the entire test set, the GRU-CNN model provides substantially
improved prediction accuracy, demonstrating a favorable trade-off between computational
cost and control performance.

4.1.2. Contrast Experiment

To further evaluate the effectiveness of the proposed GRU-CNN feedforward con-
trol model, a comparative study is conducted against several representative neural net-
work architectures, including multilayer perceptron (MLP) [32], long short-term memory
(LSTM) [33], temporal convolutional network (TCN) [34], LSTMseq2seq [35], and Trans-
former [36]. The architectures of these comparison models are illustrated in Figure 8,
and their hyperparameters are determined through empirical tuning to ensure reason-
able performance. Specifically, the MLP consists of three dense layers with dimensions
of 2500–2500–1000, using the ReLU activation function throughout. The LSTM model
comprises four stacked LSTM layers, each with a hidden state dimension of 100, followed
by a dense output layer. The TCN is constructed using five residual blocks with dilation
factors of 1, 2, 4, 8, and 16, respectively. The convolution kernel size is fixed at 7, and the
channel dimensions follows a descending sequence of [128, 64, 32, 16, 8]. The LSTMseq2seq
model includes both an encoder and a decoder, each composed of four LSTM layers with a
hidden state dimension of 100, followed by a dense output layer. The Transformer model is
implemented using a three-layer encoder with two attention heads, a hidden dimension
of 150, and an embedding dimension of 50. For a fair comparison, all models except the
Transformer are trained using the same training configuration, with 100 training epochs,
a batch size of 100, and an initial learning rate of 0.001. Due to the higher optimization
complexity of the attention mechanism, the Transformer is trained for 300 epochs while
maintaining the same batch size and learning rate.

     
(a) (b) (c) (d) (e) 

Figure 8. Structural makeup of models in contrast experiment. (a) MLP; (b) LSTM; (c) TCN; (d) LSTM-
seq2seq; (e) Transformer.
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The quantitative comparison results are summarized in Table 3. Overall, the GRU-
CNN model achieves superior control performance compared with the contrast models.
Although the MLP exhibits lower GPU memory consumption as well as shorter train and
test times, its purely fully connected structure lacks the ability to effectively model temporal
dependencies, resulting in substantially higher MAE and RMSE values and a lower R2.
Compared with the LSTMseq2seq model, the GRU-CNN achieves significantly reduced
train time while improving prediction accuracy by more than 40%. In the LSTMseq2seq
framework, the encoder compresses the entire input sequence into a fixed-length context
vector. When the input sequence length reaches 1000 points, this representation may be-
come insufficient to preserve detailed temporal information, leading to reduced prediction
accuracy. The Transformer model exhibits very high GPU memory consumption, reaching
11,313 MiB, which limits its suitability for practical PEA control applications, particularly in
embedded or resource-constrained environments. In contrast, the GRU-CNN requires only
2843 MiB of GPU memory, approximately one-quarter of that required by the Transformer.
For capturing the local nonlinear characteristics of PEAs, the localized feature extraction
capability of CNN layers is more targeted than the global attention mechanism employed
by the Transformer, which may introduce interference from less relevant information. Al-
though the inclusion of CNN layers increases the computational cost of the GRU-CNN
model in terms of train time and test times, the proposed model consistently achieves lower
MAE, lower RMSE, and higher R2 values than the other comparison methods. Overall, the
GRU-CNN provides a favorable balance among control accuracy, computational efficiency,
and hardware adaptability. These results indicate that the proposed model is effective
in characterizing the nonlinear relationship between displacement and driving voltage
in PEAs.

Table 3. Contrast experiment results.

Models GPU (MiB) Train Time Test Time
Evaluation Metrics

MAE RMSE R2

MLP 1585 0.30 s 0.07 s 0.198 ± 0.023 0.274 ± 0.023 0.984 ± 0.003
LSTM 2761 15.05 s 0.98 s 0.221 ± 0.027 0.347 ± 0.028 0.975 ± 0.003
TCN 2792 2.99 s 0.48 s 0.220 ± 0.019 0.351 ± 0.027 0.975 ± 0.004

LSTMseq2seq 3996 120.23 s 4.77 s 0.215 ± 0.016 0.329 ± 0.022 0.978 ± 0.003
Transformer 11,313 14.44 s 0.80 s 0.154 ± 0.023 0.230 ± 0.025 0.989 ± 0.002
GRU-CNN 2843 6.39 s 0.53 s 0.090 ± 0.004 0.147 ± 0.008 0.996 ± 0.001

For a more detailed comparison, Figure 9a presents the 100 Hz sinusoidal reference
trajectory together with the measured trajectories obtained using different comparison
models. The corresponding control deviations between the reference and measured tra-
jectories are shown in Figure 9b. The measured trajectory produced by the LSTM model
exhibits noticeable fluctuations around the reference trajectory, whereas the GRU-CNN
model reduces the mean absolute error (MAE) by more than 57% relative to the LSTM
model. Overall, the measured trajectory generated by the GRU–CNN model shows closer
agreement with the reference trajectory. The controlling deviation ranges for the MLP,
LSTM, TCN, LSTMseq2seq, Transformer, and GRU-CNN models are [−0.08 mm, 0.07 mm],
[−0.11 mm, 0.12 mm], [−0.23 mm, 0.05 mm], [−0.19 mm, 0.17 mm], [−0.09 mm, 0.09 mm],
and [−0.05 mm, 0.04 mm], respectively. While the control deviation range of the GRU-CNN
model is comparable to that of the Transformer model in certain regions, it exhibits smaller
deviations in others. Although all comparison models are capable of reducing trajectory
tracking errors to some extent, the GRU-CNN model consistently achieves lower devia-
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tion. These results further indicate the effectiveness of the proposed GRU-CNN model for
feedforward control.

  
(a) (b) 

Figure 9. Controlling performance of different models for 100 Hz sinusoidal reference trajectory.
(a) Trajectory details; (b) trajectory deviations.

4.1.3. Verification of Generalization and Robustness

Generalization and robustness are important criteria for evaluating the practical ap-
plicability and reliability of a control model. To assess the generalization capability of
the proposed GRU-CNN model, the network trained on the dataset of PEA #1 is directly
evaluated on data collected from a different production batch. Specifically, the test set of
PEA #2, consisting of 1200 samples, is used as the cross-batch generalization validation
dataset. The generalization performance of the GRU-CNN model and the comparison
model is summarized in Table 4. On the PEA #2 test set, the GRU-CNN model achieves
an MAE of 0.2093, an RMSE of 0.3745, and an R2 of 0.9752, representing the best overall
performance among the evaluated models in terms of lower error and higher goodness
of control. In addition, the relative differences between these metrics and those obtained
on the PEA #1 test set are less than 57%, 60%, and 2%, respectively. These results indicate
that the proposed GRU-CNN model does not excessively depend on the specific data
distribution of the training PEA. Instead, it appears to capture representative characteristics
of PEA operating behavior, enabling it to maintain stable performance when applied to
data from different production batches. This observation suggests that the proposed model
exhibits cross-batch generalization capability.

Table 4. Generalization verification results.

Metrics MLP LSTM TCN LSTMseq2seq Transformer GRU-CNN

MAE 0.337 ± 0.052 0.336 ± 0.036 0.373 ± 0.009 0.346 ± 0.027 0.223 ± 0.037 0.209 ± 0.014
RMSE 0.517 ± 0.059 0.570 ± 0.032 0.628 ± 0.009 0.576 ± 0.029 0.384 ± 0.036 0.375 ± 0.027

R2 0.953 ± 0.012 0.943 ± 0.005 0.930 ± 0.001 0.941 ± 0.004 0.974 ± 0.005 0.975 ± 0.005

In practical application scenarios, operational data of PEAs collected by sensors are
inevitably affected by electromagnetic interference and environmental noise, resulting in
random disturbances in the input data. To quantitatively evaluate the robustness of the
proposed GRU-CNN model against input data perturbations, the test dataset of PEA #1 is
used as the benchmark. Multiple noisy test datasets are generated by injecting Gaussian
noise with different intensities into the benchmark data, with the aim of analyzing the
relationship between noise intensity and model performance degradation. The noise
intensities are set to 1%, 2%, and 5% of the standard deviation of the benchmark dataset,
where noise levels of 1–2% represent mild interference scenarios and 5% represents a
relatively strong interference scenario. The performance of the GRU-CNN model under
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the benchmark condition and the three noise levels is summarized in Table 5. Under
Gaussian noise interference with intensities of 1% and 2%, the degradation rates of the
model’s MAE remain within 1%, while the degradation rates of the RMSE do not exceed
2%. These results indicate that when the input data are subject to small perturbations,
the proposed model is able to maintain stable prediction accuracy without significant
performance degradation. However, under a higher noise intensity of 5%, the degradation
rates of both MAE and RMSE exceed 5%, indicating a noticeable decline in prediction
accuracy. This observation suggests that although the GRU-CNN model exhibits a certain
degree of robustness to low-level noise interference, its performance is more sensitive under
stronger noise disturbances.

Table 5. Robustness verification results of GRU-CNN model.

Metrics Benchmark 1% Noisy 2% Noisy 5% Noisy

MAE 0.090 ± 0.008 0.090 ± 0.008 0.091 ± 0.008 0.100 ± 0.007
RMSE 0.147 ± 0.010 0.148 ± 0.011 0.149 ± 0.011 0.158 ± 0.010

R2 0.996 ± 0.001 0.996 ± 0.001 0.995 ± 0.001 0.995 ± 0.001

4.2. The Pre-Trained GRU-CNN Model Transferred to Other PEAs

To reduce train time while maintaining displacement control accuracy, transfer learn-
ing is employed to adapt the structure and parameters of a GRU-CNN model pre-trained
on PEA #1 to other actuators. For PEAs #2 and #3, six graded dataset sizes, namely 65, 125,
500, 2000, and 8000 samples, are considered to represent small, medium, and large data
scenarios. The similarity between the source and target domains is quantified using the
Proxy A-distance (PAD) [37]. The PAD measures domain discrepancy by training a classifier
to distinguish samples from two domains and evaluating the discrepancy based on the
classifier error rate on a held-out test set. In this study, the PAD is computed using the
minimum test error of a linear domain classifier based on a support vector machine (SVM),
with the regularization parameter selected from

[
10−5, 104]. Larger PAD values indicate

greater domain discrepancy, whereas smaller PAD values correspond to higher domain
similarity. To further analyze the relationship between data volume and domain similarity,
the PAD results for different domain pairs are summarized in Table 6. In addition, Figure 10
shows t-SNE visualization of the original data features for the three PEAs. It can be clearly
seen that there exist obvious data distribution discrepancy among the actuators. Domain
pairs with higher PAD values exhibit clearer separation in the embedding space, whereas
those with lower PAD values show stronger overlap, indicating higher domain similarity.

Table 6. Case settings under different data volume and domain similarity.

Case Volume PAD
(PEA #1 vs. PEA #2)

PAD
(PEA #1 vs. PEA #3)

1 62 1.981 1.981
2 125 1.966 1.968
3 500 1.871 1.897
4 2000 1.835 1.894
5 2000 1.529 1.708
6 8000 1.108 1.553

Different transfer strategies are selected based on the data volume scale and source-
target domain similarity. For each transfer scenario, the most suitable strategy is identified
by comparing the performance of the four transfer-learning models when constructing the
feedforward control model for the target PEA. All models are trained using the Adamax
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optimizer for 100 epochs with a batch size of 100. Models 1–4 are initialized with an initial
learning rate of 0.005. During training, the learning rate is automatically adjusted based
on the model’s performance on the validation set. If the validation performance does
not improve for 10 epochs, the learning rate is reduced by a factor of 0.5. In addition, an
early stopping mechanism is employed to prevent overfitting. The experimental results
illustrating the effects of data volume and source–target domain similarity on the four
transfer-learning strategies for PEAs #2 and #3 are summarized in Table 7.

   
(a) (b) (c) 

   
(d) (e) (f) 

Figure 10. The t-SNE visualization of the original data features for three PEAs. (a) Scenario 1;
(b) Scenario 2; (c) Scenario 3; (d) Scenario 4; (e) Scenario 5; (f) Scenario 6.

In terms of training efficiency, Model 1 and Model 2 exhibit comparable train times
under the same data volume, as both require updating all network parameters. In contrast,
Model 3 and Model 4 achieve shorter train times because parameters in key layers are
frozen, reducing the number of trainable parameters. Regarding control accuracy, the
performance of all models is closely influenced by both the size of the target dataset and the
similarity between the source and target domains. Model 1, which is trained from scratch
without leveraging pre-trained knowledge, shows the highest sensitivity to data volume.
When the dataset size does not exceed 2000 samples, Model 1 performs the worst among
all models, indicating insufficient learning of representative features. As the data volume
increases to 8000 samples, its performance improves markedly. This observation highlights
the benefit of transfer learning in reducing data dependence and training overhead in
data-scarce scenarios.

For cross-batch transfer, Model 3 achieves the best performance when the dataset size
is limited to 65–125 samples. For instance, when the target dataset contains 125 samples,
Model 3 achieves an 85% reduction in MAE, an 82% reduction in RMSE, and a 27% increase
in R2 compared with Model 1. By freezing the GRU and CNN layers and only adapting the
dense layers, Model 3 effectively mitigates overfitting and achieves better generalization.
When the data volume increases to 500 samples, Model 2 slightly outperforms Model 3,
suggesting that moderate data availability enables full fine-tuning to better capture inter-
domain feature variations. Notably, when the data volume reaches 2000 samples and
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the PAD value decreases, the performance of Models 2 and 3 deteriorates simultaneously,
indicating that domain similarity plays a non-negligible role in transfer effectiveness.
Overall, the data volume at which Model 2 surpasses Model 3 is not fixed but increases
with the availability of target-domain data.

Table 7. Performance comparison of transfer learning strategies under different cases.

Case Method Train
Time

Cross-Batch Transfer Cross-Type Transfer

MAE RMSE R2 MAE RMSE R2

- Pre-
trained 6.39 s 0.209 0.375 0.975 1.279 1.903 0.412

1

Model 1 0.04 s 1.034 ± 0.074 1.363 ± 0.048 0.672 ± 0.024 1.449 ± 0.179 1.824 ± 0.166 0.455 ± 0.103
Model 2 0.04 s 0.340 ± 0.031 0.529 ± 0.026 0.951 ± 0.005 0.399 ± 0.068 0.590 ± 0.084 0.942 ± 0.016
Model 3 0.02 s 0.149 ± 0.015 0.234 ± 0.020 0.990 ± 0.002 0.273 ± 0.009 0.397 ± 0.016 0.974 ± 0.002
Model 4 0.02 s 0.227 ± 0.018 0.334 ± 0.022 0.980 ± 0.003 0.465 ± 0.211 0.635 ± 0.300 0.921 ± 0.099

2

Model 1 0.08 s 0.910 ± 0.107 1.241 ± 0.124 0.726 ± 0.052 1.287 ± 0.035 1.697 ± 0.037 0.532 ± 0.021
Model 2 0.08 s 0.229 ± 0.015 0.369 ± 0.020 0.976 ± 0.003 0.216 ± 0.019 0.326 ± 0.026 0.983 ± 0.003
Model 3 0.03 s 0.138 ± 0.005 0.222 ± 0.007 0.991 ± 0.001 0.253 ± 0.005 0.374 ± 0.011 0.977 ± 0.001
Model 4 0.03 s 0.233 ± 0.020 0.341 ± 0.028 0.979 ± 0.003 0.353 ± 0.010 0.523 ± 0.007 0.955 ± 0.001

3

Model 1 0.22 s 0.240 ± 0.054 0.369 ± 0.079 0.975 ± 0.012 1.108 ± 0.307 1.479 ± 0.392 0.622 ± 0.127
Model 2 0.22 s 0.111 ± 0.005 0.169 ± 0.006 0.995 ± 0.0003 0.118 ± 0.012 0.169 ± 0.011 0.995 ± 0.001
Model 3 0.08 s 0.125 ± 0.003 0.189 ± 0.003 0.994 ± 0.0002 0.227 ± 0.003 0.325 ± 0.006 0.983 ± 0.001
Model 4 0.08 s 0.206 ± 0.002 0.297 ± 0.008 0.984 ± 0.001 0.330 ± 0.003 0.500 ± 0.004 0.959 ± 0.001

4

Model 1 0.86 s 0.855 ± 0.034 1.249 ± 0.056 0.724 ± 0.025 1.085 ± 0.013 1.606 ± 0.024 0.581 ± 0.012
Model 2 0.86 s 0.750 ± 0.018 1.080 ± 0.026 0.794 ± 0.010 0.837 ± 0.028 1.218 ± 0.045 0.758 ± 0.018
Model 3 0.30 s 0.222 ± 0.010 0.285 ± 0.009 0.986 ± 0.001 0.321 ± 0.011 0.432 ± 0.010 0.970 ± 0.001
Model 4 0.30 s 0.341 ± 0.008 0.484 ± 0.007 0.959 ± 0.001 0.359 ± 0.004 0.511 ± 0.004 0.958 ± 0.001

5

Model 1 0.86 s 0.091 ± 0.008 0.135 ± 0.010 0.997 ± 0.0005 0.102 ± 0.007 0.150 ± 0.007 0.996 ± 0.0004
Model 2 0.86 s 0.072 ± 0.002 0.109 ± 0.003 0.998 ± 0.0001 0.093 ± 0.002 0.143 ± 0.002 0.997 ± 0.0001
Model 3 0.30 s 0.110 ± 0.004 0.173 ± 0.004 0.995 ± 0.0002 0.203 ± 0.004 0.295 ± 0.005 0.986 ± 0.0005
Model 4 0.30 s 0.180 ± 0.003 0.267 ± 0.005 0.987 ± 0.0004 0.302 ± 0.002 0.459 ± 0.004 0.966 ± 0.001

6

Model 1 3.45 s 0.072 ± 0.006 0.105 ± 0.006 0.998 ± 0.0002 0.056 ± 0.005 0.088 ± 0.007 0.999 ± 0.0002
Model 2 3.45 s 0.062 ± 0.004 0.095 ± 0.005 0.998 ± 0.0002 0.051 ± 0.004 0.084 ± 0.005 0.999 ± 0.0001
Model 3 1.22 s 0.127 ± 0.006 0.182 ± 0.004 0.994 ± 0.0003 0.204 ± 0.008 0.302 ± 0.011 0.985 ± 0.001
Model 4 1.22 s 0.178 ± 0.003 0.255 ± 0.002 0.989 ± 0.0002 0.297 ± 0.004 0.446 ± 0.004 0.968 ± 0.001

For cross-type transfer, the difficulty of adaptation increases due to larger structural
difference between actuators. The pre-trained source model exhibits severe performance
degradation when directly applied to PEA #3, indicating limited generalization capability
without adaptation. Transfer learning therefore becomes essential in this scenario. At a
dataset size of 65 samples, Model 3 again demonstrates superior performance, outperform-
ing all other strategies by effectively balancing feature reuse and target-domain adaptation.
As the data volume increases beyond this level, Model 2 generally achieves better accuracy,
particularly when the source–target similarity is relatively high. At a dataset size of 125 sam-
ples, Model 2 achieves an 83% reduction in MAE, an 81% reduction in RMSE, and a 46%
increase in R2 compared with Model 1. At a dataset volume of 2000 samples, Model 2 per-
forms better under higher similarity, whereas Model 3 remains more robust when similarity
is low, revealing a nonlinear trade-off between data volume and domain similarity.

Compared with cross-batch transfer, cross-type transfer consistently results in higher
MAE and RMSE values and lower R2 values under the same data volume, reflecting the
greater challenge posed by larger distribution discrepancies. Model 4, which fine-tunes
only the final dense layer, performs adequately only when both data volume is small and
domain similarity is high. In contrast, Model 3 provides a more robust option for small-data
and low-similarity scenarios, while Model 2 offers the most stable performance across a

https://doi.org/10.3390/app16031305

https://doi.org/10.3390/app16031305


Appl. Sci. 2026, 16, 1305 17 of 22

wide range of data volumes and similarity levels. Model 1 becomes competitive only when
sufficient target-domain data are available.

4.3. Comparison with Different Transfer Learning Methods

To evaluate the effectiveness of the proposed GRU-CNN transfer learning approach,
two transfer learning frameworks are selected as baseline models for comparative analysis.
The long short-term memory domain adversarial neural network (LSTM-DANN) [38] is
a domain-adversarial transfer learning method that has been widely adopted to address
distribution shifts in time-series data. The second baseline is the deep transfer learning
method in virtue of the architecture of CNN (DTr-CNN) [39], which seeks to simultane-
ously minimize prediction error and distribution discrepancy between the source and target
domains. The total loss function of DTr-CNN consists of prediction loss, maximum mean
discrepancy (MMD) loss, domain classification loss, and a regularization term. During
training, the target-domain model is initialized using pre-trained source-domain parame-
ters, after which model parameters are iteratively optimized by minimizing the total loss
function with target-domain data.

For LSTM-DANN, the feature extractor consists of two stacked LSTM layers, each with
64 hidden units. The regression predictor and the domain classifier are implemented using
three and two dense layers, respectively, with each dense layer containing 100 neurons.
The Adam optimizer is used for training, with a learning rate of 0.005, a batch size of 100,
and a total of 100 training epochs. DTr-CNN adopts the same backbone architecture as the
temporal convolutional network (TCN), comprising five one-dimensional convolutional
layers with a fixed kernel size of 7. The number of convolutional kernels in these layers is
sequentially set to 128, 64, 32, 16, and 8. The Adam optimizer is also employed for DTr-
CNN, with a learning rate of 0.0005 and a convergence threshold of 1. The performance
comparison among the proposed GRU-CNN model and the two baseline transfer learning
methods is summarized in Table 8.

Table 8. Experimental results under two target domain scenarios.

PEAs Models Train Time
Evaluation Metrics

MAE RMSE R2

Cross-batch
LSTM-DANN 2759 s 0.181 ± 0.052 0.264 ± 0.070 0.987 ± 0.007

DTr-CNN 995 s 0.162 ± 0.014 0.242 ± 0.016 0.990 ± 0.001
GRU-CNN 0.03 s 0.138 ± 0.005 0.222 ± 0.007 0.991 ± 0.001

Cross-type
LSTM-DANN 3449 s 0.264 ± 0.086 0.357 ± 0.101 0.978 ± 0.013

DTr-CNN 1034 s 0.163 ± 0.014 0.224 ± 0.012 0.992 ± 0.001
GRU-CNN 0.08 s 0.216 ± 0.019 0.326 ± 0.026 0.983 ± 0.003

In the cross-batch transfer scenario, where PEAs share identical mechanical structures,
all three models achieve excellent control accuracy, with R2 values exceeding 0.98. Among
them, the proposed GRU-CNN achieves the most favorable overall performance in both
accuracy and computational efficiency. Specifically, it yields the shortest train time, which is
substantially lower than that of LSTM-DANN and DTr-CNN, while also yielding the lowest
MAE and RMSE together with the highest R2. This superior performance can be attributed
to GRU-CNN’s strong capability to capture long-term temporal dependencies and local
nonlinear patterns associated with hysteresis and low-damping vibration, which remain
largely transferable across different production batches. Under such low inter-domain dis-
crepancy conditions, directly reusing and fine-tuning the pre-trained dense representations
enables efficient knowledge transfer without requiring explicit domain alignment.
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By contrast, in the cross-type transfer scenario, where PEAs differ in structural configu-
rations, the performance differentiation among the three models becomes more pronounced.
In this setting, DTr-CNN attains the highest prediction accuracy, while the proposed GRU-
CNN follows closely with a competitive R2 of 0.983. LSTM-DANN again exhibits the
poorest overall performance, accompanied by the largest variance in prediction results.
The inferior performance and instability of LSTM-DANN stem from its requirement to
simultaneously optimize target-domain regression loss and domain classification loss. With
only 125 samples available in the target domain, the model faces inherent difficulties in reli-
ably estimating distribution discrepancies between the source and target domains, which
limits the effectiveness of adversarial training via the gradient reversal layer. The slightly
reduced accuracy of GRU-CNN in the cross-type scenario reflects the increased adaptation
difficulty associated with larger inter-domain structural differences. In particular, temporal
representations learned from the source PEA may encode inductive assumptions that are
no longer fully valid for the target PEA, leading to suboptimal adaptation under limited
target-domain data. Under these conditions, the DTr-CNN framework demonstrates supe-
rior robustness, as it explicitly minimizes distribution discrepancies between the source
and target domains through joint optimization of prediction loss and domain alignment
objectives. This explicit feature-alignment mechanism facilitates more effective adaptation
to larger inter-domain variations, albeit at the cost of increased computational burden
due to extensive reuse of source-domain data. In comparison, the TL-based GRU-CNN
maintains higher computational efficiency by fine-tuning only the dense layers.

To further visualize the effects of the proposed GRU-CNN transfer learning approach,
results from the cross-batch transfer and cross-type transfer scenarios are presented in
Figures 11 and 12. The solid black line represents the actual driving voltage of the PEA,
and the dotted red line represents the voltage predicted by each model. DTr-CNN exhibits
significant prediction bias across the entire sequence, while the predictions of GRU-CNN
transfer learning model closely match the actual voltage. The error ranges of each method
are summarized in Figure 11d. Specifically, the error ranges of LSTM-DANN, DTr-CNN and
GRU-CNN transfer learning model are [−6.08 V, 6.15 V], [−9.55 V, 12.82 V], and [−3.82 V,
4.13 V], respectively. The error range of GRU-CNN transfer learning model is smaller than
those of LSTM-DANN and DTr-CNN. These results clearly indicate that the GRU-CNN
transfer learning model yields the narrowest and most stable deviation range, reflecting
its highest prediction accuracy. Figure 12 corresponds to the cross-type transfer scenario,
and the visualization confirms the optimal performance of the GRU-CNN transfer learning
model. It maintains close alignment with the actual voltage, whereas the other methods
show larger errors. LSTM-DANN has an error range of [−10.03 V, 14.35 V], DTr-CNN has
an error range of [−15.47 V, 13.69 V], and GRU-CNN transfer learning model has an error
range of [−8.28 V, 5.58 V]. Even in the more challenging cross-type scenario with structural
discrepancies, the GRU-CNN transfer learning model achieves the smallest error range and
outperforms the other transfer learning methods.

4.4. Practical Control Verification

To evaluate the practical displacement control performance of the transfer learning-
based GRU-CNN feedforward controller, experiments are conducted under multiple rep-
resentative operating frequencies and different target-domain data volumes. The results
for the cross-batch and cross-type transfer scenarios are summarized in Tables 9 and 10,
respectively. Under the cross-batch transfer scenario, the displacement trajectory amplitude
is set to 0.8 mm. The GRU-CNN controller achieves stable and accurate displacement
tracking across all tested frequencies, indicating that transfer learning effectively enhances
feedforward control accuracy under dynamic operating conditions. As the target-domain
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data volume increases from 125 to 2000 samples, both MAE and RMSE generally decrease,
particularly at 50 Hz and 100 Hz operating frequencies. The control errors remain small
for all data volumes, with MAE values consistently below 0.02 mm. At higher frequencies,
the control task becomes more challenging due to increased dynamic effects. For the cross-
type transfer scenario, the displacement trajectory amplitude is set to 0.4 mm. Increasing
the target-domain data volume from 125 to 500 and 2000 samples consistently reduces
MAE and RMSE and improves R2, confirming that additional target data facilitate more
effective adaptation in cross-type transfer scenarios. Overall, the results in Tables 9 and 10
demonstrate that the transfer learning-based GRU–CNN feedforward controller can achieve
reliable displacement control under a range of operating frequencies and data availability
conditions. These findings support the practical applicability of the proposed method for
displacement control tasks where collecting large-scale experimental data for each new
actuator is impractical.

    
(a) (b) (c) (d) 

Figure 11. Performance disparities of transfer learning methods under the cross-batch scenario.
(a) LSTM-DANN; (b) DTr-CNN; (c) GRU-CNN; (d) error.

    
(a) (b) (c) (d) 

Figure 12. Performance disparities of transfer learning methods under the cross-type scenario.
(a) LSTM-DANN; (b) DTr-CNN; (c) GRU-CNN; (d) error.

Table 9. Displacement control performance under cross-batch transfer.

Frequency
(Hz)

MAE (mm) RMSE (mm) R2

125 500 2000 125 500 2000 125 500 2000

10 0.014 0.017 0.017 0.018 0.024 0.023 0.996 0.993 0.993
50 0.031 0.032 0.023 0.037 0.039 0.028 0.983 0.981 0.990

100 0.043 0.029 0.026 0.054 0.037 0.033 0.964 0.983 0.987
150 0.041 0.047 0.046 0.051 0.057 0.058 0.968 0.960 0.959
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Table 10. Displacement control performance under cross-type transfer.

Frequency
(Hz)

MAE (mm) RMSE (mm) R2

125 500 2000 125 500 2000 125 500 2000

20 0.009 0.006 0.010 0.010 0.007 0.012 0.995 0.997 0.993
60 0.012 0.009 0.011 0.014 0.011 0.013 0.990 0.994 0.991

110 0.020 0.014 0.018 0.025 0.017 0.021 0.968 0.985 0.977
160 0.030 0.022 0.023 0.038 0.028 0.029 0.929 0.960 0.959

5. Conclusions
In this paper, a transfer learning-based GRU-CNN feedforward control model is

proposed to reduce the dependence on extensive target-domain experimental data for PEAs.
By integrating gated recurrent units for temporal dependency modeling, convolutional
neural networks for local nonlinear feature extraction, and transfer learning strategies for
cross-domain adaptation, the proposed approach addresses the coupled effects of hysteresis
and low damping vibration in PEAs under cross-batch and cross-type scenarios. Compared
with training from scratch, the proposed model consistently achieves lower prediction
errors and improved generalization across different actuators. In the cross-batch transfer
scenario with only 125 target-domain samples, the proposed approach achieves an 85%
reduction in MAE, an 82% reduction in RMSE, and a 27% increase in R2 compared with
scratch training. In the cross-type transfer scenario under the same data constraint, it leads
to an 83% reduction in MAE, an 81% reduction in RMSE, and a 46% increase in R2. From
a practical perspective, the proposed model demonstrates reliable displacement control
performance across a range of operating frequencies and target-domain data volumes.
However, the experimental validation involves only three PEAs, with a limited range of
structural differences between the source and target domains. Future work will focus on
extending the evaluation to a larger and more diverse actuator population to strengthen the
generality of the conclusions. In addition, the present study focuses on feedforward control
modeling and offline evaluation; real-time closed-loop implementation and end-to-end
control delay analysis will be addressed in future research.
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