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Abstract— To maximize the autonomy of individuals with
upper limb amputations in daily activities, leveraging forearm
muscle information to infer movement intent is a promising
research direction. While current prosthetic hand technologies
can utilize forearm muscle data to achieve basic movements
such as grasping, accurately estimating finger joint angles
remains a significant challenge. Therefore, we propose a
Multi-Stage Cascade Convolutional Neural Network with Long
Short-Term Memory Network, where an upsampling module
is introduced before the downsampling module to enhance
model generalization. Additionally, we designed a transfer
learning (TL) framework based on parameter freezing, where
the pre-trained downsampling module is fixed, and only the
upsampling module is updated with a small amount of out-of-
distribution data to achieve TL. Furthermore, we compared the
performance of unimodal and multimodal models, collecting
surface electromyography (SEMG) signals, brightness mode
ultrasound images (B-mode US images), and motion capture
data simultaneously. The results show that on the validation
set, the US image had the lowest error, while on the prediction
set, the four-channel SEMG achieved the lowest error. The
performance of the multimodal model in both datasets was
intermediate between the unimodal models. On the prediction
set, the average normalized root mean square error values for
the four-channel SEMG, US images, and sensor fusion models
across three subjects were 0.170, 0.203, and 0.186, respectively.
By utilizing advanced sensor fusion techniques and TL, our
approach can reduce the need for extensive data collection
and training for new users, making prosthetic control more
accessible and adaptable to individual needs.

I. INTRODUCTION

Driven by neurorobotics, prosthetic hands enhance au-
tonomy for individuals with physical disabilities [1]. For
those who retain considerable functionality in their forearms,
modern technology reconstructs movement intention and
controls the prosthetic hand via muscle responses to brain
signals.

Surface electromyography (SEMG) signals are extensively
utilized for this purpose, as they can record the electrical
activities initiated by muscle contractions [2], [3]. To obtain
data from various muscle locations, multiple channels of sig-
nals are collected. A common method is to use a high-density
EMG array [4] or a combination of multiple sEMG [5]
sensors placed at different locations. By applying machine
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learning algorithms to analyze these multi-channel signals, it
is possible to decode the intended movements of the human
body based on the sSEMG data [6]—[8]. Nevertheless, sSEMG
signals typically struggle with noise and artifacts. At the
same time, crosstalk between adjacent muscles makes it
difficult to isolate the activity of specific muscles, especially
in the study of forearm muscles [9], [10]. In addition, the
sliding of electrodes during movement will also affect the
consistency of the signal.

In recent years, a new method for acquiring muscle activi-
ties using ultrasound (US) has emerged [11]-[13]. These sen-
sors emit high-frequency sound waves that produce echoes
when they encounter tissues of varying densities, thereby
capturing signals. Brightness mode (B-mode) US imag-
ing provides detailed two-dimensional information, showing
cross-sectional views with varying brightness to indicate dif-
ferent echo intensities. The advantage of this technology lies
in its ability to observe the structural changes of muscles and
other soft tissues in real-time and non-invasively [14]. This
makes it particularly valuable for studying the relationship
between limb motion and muscle activity.

Up to now, many studies have achieved gesture and finger
movement prediction based on SEMG signals or US signals
[15]-[23]. With the development of DL methods [24]-[26],
these predictions have become more accurate and reliable.
Additionally, the benefits of using sensor fusion between
different signals for motion/motion intent prediction on upper
[271-[29] and lower limbs [30]-[33] have been demonstrated.
However, the sensor fusion approaches for upper limb appli-
cations mainly focus on discrete hand gesture recognition
[34], thus missing the continuous hand motion prediction
with sensor fusion. In the current study, we conducted the
pilot study of the application of deep learning (DL) models
to sensor fusion datasets and explored the use of transfer
learning (TL) to address variations in muscle patterns across
individuals when applying the model to different users, the
detailed pipeline is shown in Fig. 1. The contributions of this
study are as follows: (1) We propose a Multi-Stage Cascade
Convolutional Neural Network with a Long Short-Term
Memory (CNN-LSTM) network that leverages the strong
temporal dependence of muscle information during finger
movements; (2) To support cross-user model application,
we introduce a TL framework using parameter freezing;
(3) We developed a method to synchronize and process
SEMG, US images, and motion capture data. Additionally,
we investigated the performance of different sensor data and
fusion datasets in predicting metacarpophalangeal (MCP)
joint angles.
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Fig. 1: Detailed workflow of data collection and processing for deep learning (DL) model and prosthetic hand control.

II. RELATED WORK

Numerous studies have focused on classifying and pre-
dicting hand motion using sEMG and US signals from
forearm muscles [35], [36]. Some research targets gesture
classification. For example, Qi et al. used principal compo-
nent analysis and generalized regression neural networks to
develop a recognition system, collecting sSEMG signals for
nine static gestures and achieving a 95.1% recognition rate
[37]. Similarly, Lu et al. extracted features from A-mode
US signals and employed SVM for real-time classification,
reaching an accuracy of 83.8% +6.9% [38].

Other studies estimate finger movements from muscle
signals [39]-[41]. Lee et al. introduced an encoder-decoder
network with attention mechanisms to estimate 14 finger
joint angles, achieving an average error of 10.86% +9.82%
for MCP joints [42]. Another study used a CNN-RNN struc-
ture to calculate finger movement angles from US images,
with errors under 0.1 rad [43]. Additionally, TL has been
employed to reduce data collection and training burdens [44].
One study [6] aggregated signals from multiple users to
train a DL model, followed by TL for individual data. This
approach maintained high accuracy while minimizing indi-
vidual data needs. Testing on various datasets, this study used
raw SEMG, spectrograms, and continuous wavelet transform
(CWT) as inputs. The CWT-based CNN achieved a 98.31%
offline accuracy on gesture classification.

Furthermore, sensor fusion methods have been explored
in rehabilitation research [12]. A study applied a multi-
modal multilevel converged attention network (MMCANet),
which combined SEMG and A-mode US signals for gesture
recognition. Using CNN-LSTM for feature extraction and
a transformer encoder for fusion, MMCANet outperformed
linear discriminant analysis by 5.15%. Single-modal gains
were 14.31% for sSEMG and 3.80% for AUS [34].

III. METHODOLOGY
A. Experimental Implementation

In this study, four SEMG sensors (Trigno System, Del-
sys, USA) and a B-mode US diagnostic system with a
US transducer (ArtUs EXT-2H, Telemed, Lithuania) were
simultaneously placed on the subject’s forearm, with markers
positioned on the back of the hand for motion capture. The
SEMG signals and motion capture were directly synchronized
using the motion capture system software Nexus 12.0 (Vicon,

Oxford, UK). Synchronization between the US image signals
and Nexus was achieved through a connection to Simulink of
MATLAB R2020b with Quanser being connected. A trigger
in Simulink simultaneously initiated signal acquisition in
Nexus and screen recording software for capturing US image
signals. For convenient data processing, the sampling rate of
the SEMG signals was set at 960 Hz, while the US image
and motion capture sampling rates were 60 Hz. All study
procedures were approved by the institutional review board
at the University of Alabama (Protocol ID: 24-01-7231).

The arrangement of the sensors is illustrated in Fig. 2a and
2b, where sSEMG sensors were placed on specific locations
of the forearm to capture electrical signals from different
muscles corresponding to finger movements, as detailed in
Table 1. The US transducer was positioned on the inner
side of the forearm at a 30-degree angle to the radius.
This configuration allows for a comprehensive observation
of muscle deformation in the cross-section of the forearm,
as well as muscle stretching and contraction along the radial
direction. For this study, markers are placed on the proximal
phalanges and metacarpal bones of the fingers, excluding
the thumb, as shown in the diagram. The movement of the
thumb is not considered in this analysis because its primary
movements are controlled by the carpometacarpal and MCP
joints of the thumb [45], which are affected by intrinsic
muscles outside the range of our imaging technology.

In each experimental set, subjects were required to stand
and position their forearms at a 45-degree angle on the
tabletop. To capture the continuous angle changes of each
targeted independent finger, the starting position was desig-
nated as fully extended (with the MCP joint at O degrees),
and the maximum flexion served as the end position. The
process where the finger moves from the starting position
to maximum flexion and then returns to the starting position
was defined as one cycle. Subjects were instructed to perform
finger movements at a rate of one cycle every two seconds,
following a metronome set at 60 beats per minute. Each trial
involved 13 cycles of movement for each targeted finger.
When pre-processing and forming a data set, the first three
seconds and the last three seconds of each finger’s motion
data were eliminated, and the middle 20 seconds were taken
as valid data. Data were collected from three subjects, each
undergoing three experimental sets. Two of these sets were
used as the training and validation datasets, while the third



set was excluded from the training process and utilized as a
prediction set to evaluate the model’s generalizability.

006

(b) (c)

Fig. 2: (a) Sensor placement of inner and outer arm. (b)
Experiment setup of synchronized data acquisition. (c) Side
view of hand. Gray dots are markers for motion capture.

TABLE I: Target muscles and corresponding movements
for each channel sSEMG

Channel Target Muscle

1 Flexor digitorum superficialis
2 Left extensor digitorum
3 Flexor Digiti Minimi Brevis
4 Flexor digitorum profundus

Target Movement
Middle finger flexion
Index, Middle, Ring, Little finger extension
Little finger flexion
Ring, Little finger flexion

B. Data Pre-Processing And DL Dataset Formation

1) US Signals: B-mode US images are large, consuming
significant computational resources and hindering real-time
monitoring efficiency. Therefore, for the collected US im-
ages, we filtered out points with grayscale values below 10
using threshold processing. We then applied a block cor-
relation method. Specifically, the image was evenly divided
into multiple blocks, and the correlation between consecutive
frames was calculated for each block, forming a correlation
matrix, which is shown in Fig. 3d. This method captures
motion changes and dynamic features in muscle images
during finger movements. To enable the LSTM layer to
extract temporal features, every four consecutive correlation
matrices were concatenated along the time dimension to form
the dataset. In this study, we cropped the US images to a size
of 560*560, then set each block to 16*16 pixels, and used
the block correlation method to reduce the image data to a
35%*35 correlation matrix. Fig. 3e shows a 5 * 5 block from
the correlation matrix.

2) sSEMG Signals: sEMG signals typically contain com-
plex noise that requires elimination through a series of pre-
processing steps. First, a fourth-order Butterworth filter is
applied for band-pass filtering in the range of 20-450 Hz
to remove low-frequency noise and high-frequency interfer-
ence. The signal is then rectified and demeaned to eliminate
DC offset. Then, a fourth-order Butterworth filter with a 6
Hz low-pass frequency is used to smooth the signal and
extract the envelope of SEMG signals. Finally, each column
of SEMG data is normalized separately, raw sEMG signals
and processed signals are shown in Fig. 3a and Fig. 3b.

To align with the US image dataset on the time axis for
sensor fusion network training, a sliding window method is
applied to the SEMG signals, with a window size of 96 and
a stride of 960/60=16. Each windowed signal is transformed
into a spectrum using a Fast Fourier Transform. Every four
consecutive spectra of sliding windows are concatenated
along the time dimension to form the dataset. Transforming
signals into spectra reveals frequency components, aiding in
the identification and analysis of features across different fre-
quencies. The synchronized formation of US image, sSEMG
signals, and MCP joint angle is shown in Fig. 3f.

3) Hand Motion Capture: The Vicon system enables the
real-time tracking of markers, which allows for precise mea-
surement of the spatial locations of markers attached to the
fingers. This capability is crucial for accurately calculating
the angles of the MCP joints.

Taking the index finger as an example, a marker is
positioned near the MCP joint on the back of the hand. A
side view of the hand is shown in Fig. 2c, in this setup, MP1
refers to the proximal phalanx of the index finger, and MQ
denotes the metacarpal bone of the index finger. The angle of
the MCP joint is calculated by determining the angle between
the vectors representing these anatomical structures. The
cross-product is employed to calculate the angle accurately,
ensuring that our estimations and subsequent normalization
of finger angles are precise. Finally, the computed MCP joint
angle data, used as ground truth, was smoothed using a 6
Hz mean filter, as shown in Fig. 3c. Additionally, the MCP
angles for each finger were normalized individually.

C. Network Design

Although CNNs have shown commendable recognition
performance in US image recognition and SEMG signal pro-
cessing [46], [47], they often struggle in complex scenarios
due to insufficient local information, artifacts, and feature
loss during forward propagation. To address this, we propose
a CNN that uses upsampling to expand and decode informa-
tion. Additionally, we employ US-sEMG multimodal feature
fusion to compensate for potential feature loss in single
modalities. For inter-subject scenarios, parameter freezing
is applied to the pre-trained model on in-distribution (ID)
datasets. By freezing the optimal parameters of the down-
sampling encoding layers, these parameters serve as prior
information and non-empirical hyperparameters during train-
ing on out-of-distribution (OOD) datasets.

1) Multi-Stage Cascade CNN-LSTM Network: The gen-
eral network for feature extraction from SEMG and US sig-
nals is divided into three stages, as shown in Fig. 4. The first
stage involves a feature expansion operation composed of
three upsampling layers. In the upsampling layer, transposed
convolution is used to increase the spatial resolution of the
feature maps. Transposed convolution works by reversing the
process of a regular convolution, effectively enlarging the
input size. The use of transposed convolution serves two
purposes. Firstly, it partially restores the precision of the
original US signal through transpose convolution, allowing
the feature maps to be resized to a more reasonable scale and
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Fig. 3: (a) sSEMG signals before filters. (b) SEMG signals after filters. (c) Joint angle for middle finger of one movement
cycle. (d) Correlation calculation. (e) 120 frames Correlation value of a 5*5 blocks from 35*35 correlation matrix. (f) The

synchronization of different sensors with joint angles.

compensating for the loss of precision and features during
segmentation. Secondly, it maps the sEMG signals from
the electrode collection area to the surrounding skin region,
increasing the features while reducing the impact of elec-
trode movement during experiments, thereby enhancing the
correlation between SEMG signals and motion recognition
and smoothing the subsequent feature compression process.
The second stage comprises five down-sampling layers, this
stage compresses and encodes the feature maps transmitted
from the previous stage. The final stage consists of a flattened
layer, LSTM layer, and Multilayer Perceptron (MLP) layer.

2) Sensor fusion model of US and sEMG: US signals
capture the morphological characteristics of muscles, while
SEMG signals focus on the electrical aspects of muscle
contraction. For sensor fusion by feature, we concatenate
features from both signals within the original model to create
a fused feature space that, along with temporal variations,
is fed into the final MLP layer for regression. Notably, we
balance the total number of flattened features to prevent
uneven composition. The detailed parameters of the fusion
network are shown in Table II, the numbers in the table
represent: Channels — Kernel Size — Stride.

TABLE II: Condensed Layer Details for Ultrasound and
SEMG Channels

Layer Name Ultrasound sEMG
Input 4x1x35%35 4x1x96x4
ConvTranspose2d-1 8§ —2x2 —2x2 8§ —2x2—2
ConvTranspose2d-2 | 3 — 2x2 — 2x2 3—2x2—2
ConvTranspose2d-3 1 —2x2 —2x2 1 —2x2—2

Conv2d-1

3 —2x2 — 1x1

3 —2x2 — 1x1

Conv2d-2

8§ —2x2 — Ix1

8§ —2x2 — Ix1

Conv2d-3

16 —2x2 — 1x1

16 —2x2 — 1x1

Conv2d-4

32 —2x2 — Ix1

32 —2x2 — 1x1

Conv2d-5

64 —2x2 — 1x1

64 —2x2 — Ix1

Conv2d-6

64 — Ix1 — 1x1

Flatten

LSTM / FCN

hidden size = 100

neurons = 100

3) Parameter freezing transfer learning framework: To
further enhance the model’s generalization ability and robust-
ness, mitigating the effects caused by individual differences
and electrode repositioning during testing, we propose a
framework based on frozen parameters, as shown in Fig.
5. The training parameters of the downsampling encoder
from the pre-trained model on the ID dataset are frozen
(specifically, the parameters from stage 2) and used as hyper-
parameters during OOD dataset training. In this process, the
parameters of the downsampling layers remain fixed, while
the upsampling layers reconstruct the expanded feature maps,
which are then passed through the frozen downsampling
layers for adaptation to the OOD data features. By freezing
certain parameters, the model updates only a subset of its
parameters, reducing training time and preserving its feature
extraction capabilities. This approach helps prevent over-
fitting and minimizes instability when there are significant
variations in sample features.

D. DL Model Performance Evaluation

In the evaluation of model performance, RMSE and corre-
lation coefficient are employed to assess the model’s predic-
tive accuracy on the dataset. These metrics are instrumental
in understanding the model’s accuracy in predicting MCP
joint angles over continuous periods. The ultimate aim of
this study is to control prosthetic hand movements in real-
time based on forearm muscle information. Given that DL
models typically address regression problems, we applied
a low-pass filter at 2 Hz to the model outputs to achieve
smoother results. The RMSE and correlation are calculated
based on these smoothed outputs.

In the entire dataset, the movement of each finger is con-
ducted sequentially. Therefore, when calculating the RMSE
and correlation for each finger, we extract the data segment
corresponding to that finger’s movement. In addition, to
statistically verify the improvement of performance brought
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by our proposed model, the Shapiro-Wilk normality test was
applied to determine the data distribution of each metric
across subjects. Then, on the two sets of data of three subjects
which are required to be compared, and then conducted a
repeated measures ANOVA test.

IV. RESULTS AND DISCUSSION
A. Ablation Experiment

In our study on sensor fusion datasets, we trained both
our proposed model and a variant without the upsampling
module, retaining only the downsampling component. We
compared their inference performance to the prediction set.
Fig. 6 presents the results for all three subjects. All indicate
that our proposed model has a lower error, with an average
improvement of 0.014 (p<0.05), and the correlation coeffi-
cient increases by an average of 0.049 (p<0.05).

B. Inter-Subject Transfer Learning

The sensor fusion training set for each subject was used
to train a base model individually, and then we utilized 20%
of the training set from another subject for TL, conducting
model training within a parameter-freezing framework. Fig.
7 shows an example of the performance of the TL models
on the validation set. Each subject’s training set was used
to train a model as a pre-training step. We then employed
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Fig. 6: Prediction RMSE and correlation coefficient of abla-
tion experiments.

TL by using 20% of another subject’s training set to further
train the model, while keeping some parameters frozen.
The performance of the TL models and the train-from-start
models on the validation set is shown in Table III. Applying
a pre-trained model from one subject directly to another
subject’s data, without TL, results in an average correlation
coefficient of 0.140 between predicted and actual values,
indicating very low correlation and almost no effectiveness.
As observed in Table III, the models obtained through TL
perform as well as the train-from-start models. Specifically,
the model transferred to Subject 1 shows a global RMSE that
is on average 0.034 higher than the train-from-start model.
For models transferred to Subjects 2 and 3, the performance
is slightly superior to the train-from-start models.

C. Unimodal And Multimodal Model Performance

We trained models using four-channel SEMG, US images,
and a fusion dataset across three subjects to compare the
impact of different sensor data and sensor fusion on model
prediction performance. Additionally, we experimented with
three-channel and two-channel SEMG data, selecting the
optimal results from each combination for analysis. The
inference results for all models are presented in Table IV.

On the validation set, the US image consistently demon-
strated superior performance. On average, across the three
subjects, the US image and sensor fusion improved the
RMSE by 0.018 and 0.015 (p<0.05), respectively, compared
to SEMG. However, on the prediction set, the four-channel
SEMG outperformed the others, followed by sensor fusion,
while the US image performed worse. Specifically, the US
image and sensor fusion resulted in a decrease in average
RMSE of 0.033 and 0.017 (p<0.05), respectively, compared



TABLE III: Validation RMSE of TL and train-from-start model

Validation | subj2tol subj3tol subjl  SubjlAvg.Improv. subjlto2 subj3to2 subj2 Subj2Avg.Improv. subjlto3 subj2to3 subj3  Subj3Avg.Improv.
Index 0.148 0.121  0.161 0.026 0.132 0.148  0.092 -0.048 0.129 0.141  0.122 -0.013
Middle 0.146 0.134  0.084 -0.056 0.114 0.110  0.191 0.079 0.099 0.099  0.159 0.060
Ring 0.137 0.111 0.093 -0.027 0.120 0.119  0.153 0.034 0.095 0.096  0.108 0.013
Little 0.234 0.237  0.150 -0.086 0.209 0217  0.182 -0.031 0.141 0.148  0.098 -0.047
Average 0.166 0.151  0.122 -0.037 0.144 0.149  0.155 0.009 0.116 0.121  0.122 0.004

TABLE IV: Prediction and Validation Performance for
Subjl & Subj2 & Subj3

Subjl Val/Pred 4channels  3channels  2channels UsS fusion

Index RMSE 0.135/0.174 0.150/0.178 0.228/0.234 0.162/0.139 0.139/0.160
Middle RMSE  |0.148/0.094 0.147/0.091 0.165/0.134 0.213/0.093 0.178/0.087
Ring RMSE 0.162/0.078 0.159/0.103 0.212/0.135 0.210/0.096 0.185/0.096

Little RMSE
Average RMSE
Average Correlation

0.140/0.142 0.156/0.139 0.171/0.166 0.154/0.153 0.143/0.140
0.146/0.122 0.154/0.128 0.194/0.167 0.185/0.120 0.161/0.121
0.905/0.907 0.891/0.891 0.816/0.786 0.865/0.902 0.869/0.910

Subj2 Val/Pred 4channels  3channels  2channels UsS fusion

Index RMSE 0.256/0.212 0.237/0.185 0.244/0.210 0.267/0.087 0.263/0.092
Middle RMSE  {0.160/0.155 0.176/0.146 0.258/0.251 0.196/0.179 0.206/0.191
Ring RMSE 0.128/0.133 0.102/0.124 0.107/0.137 0.221/0.145 0.234/0.153

Little RMSE
Average RMSE
Average Correlation

0.243/0.190 0.231/0.184 0.245/0.214 0.226/0.171 0.227/0.182
0.196/0.173 0.187/0.160 0.213/0.203 0.228/0.145 0.232/0.155
0.812/0.820 0.839/0.849 0.763/0.761 0.746/0.863 0.781/0.862

Subj3 Val/Pred 4channels  3channels  2channels us fusion

Index RMSE 0.184/0.174 0.229/0.232 0.248/0.262 0.163/0.124 0.148/0.122
Middle RMSE  0.146/0.127 0.138/0.133 0.143/0.155 0.265/0.158 0.176/0.159
Ring RMSE 0.139/0.119 0.203/0.132 0.181/0.201 0.191/0.102 0.147/0.108
Little RMSE 0.198/0.170 0.212/0.194 0.259/0.243 0.162/0.102 0.188/0.098

0.166/0.147 0.195/0.173 0.210/0.215 0.195/0.121 0.165/0.122
0.851/0.876 0.830/0.871 0.835/0.830 0.841/0.884 0.855/0.890

Average RMSE
Average Correlation
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Fig. 7: Prediction performance of TL framework, the joint
angle had been normalized to O to 1.

to sSEMG. Furthermore, in terms of sensor performance, US
image outperformed two-channel SEMG in prediction set but
was inferior to the three- and four-channel SEMG signals.

D. Discussion

The TL framework based on parameter freezing is effec-
tive for inter-subject application scenarios. Directly applying
a model trained on one subject to another results in a low
correlation between predicted and actual values, highlighting
significant differences in muscle signal distributions. By
retraining the upsampling module with a small amount of
new user data, the transpose convolution layers effectively
map new data to suitable feature maps while retaining the
original downsampling module’s feature extraction. This TL

framework, with parameter freezing, facilitates online fine-
tuning for prosthetic hand control, reducing the time and cost
of training from scratch.

In experiments comparing multimodal and unimodal mod-
els, sensor fusion did not achieve the anticipated accuracy
gains. Due to its rich spatial features, the US image per-
formed best on the validation set but worst on the prediction
set, likely due to sensor drift during data collection. EMG-
based models showed decreasing error with more channels,
as each channel corresponds to different muscles, enhancing
spatial complexity. Sensor fusion was performed between US
images and EMG on both sets, indicating successful feature
integration, though without a clear performance boost. This
might be because the four-channel EMG already offers
sufficient spatial complexity, making the additional US image
features slightly outweighed by noise and computational
complexity.

Despite achieving good prediction performance for MCP
joint angles, this work has certain limitations. The prepro-
cessing of US signals uses frame-to-frame block correlation
to reduce the dimensionality of raw time-series images and
extract features. However, this method neglects the direc-
tional information of muscle movements, reducing temporal
changes between frames to a single value and may be
influenced by background noise.

V. CONCLUSIONS AND FUTURE WORK

In conclusion, our work successfully estimates finger MCP
joint angles using forearm muscle information by incor-
porating an upsampling module into the traditional CNN-
LSTM framework. Additionally, we only need to train a
single model to predict all finger movements, enabling the
possibility of real-time prosthetic hand control in the future.
We also conducted experiments combining DL and sensor
fusion methods, drawing some preliminary conclusions.

In future works, we plan to incorporate more complex fin-
ger movements, such as simultaneous movements of multiple
fingers, where sensor fusion may demonstrate its advantage
in feature integration. Furthermore, the preprocessing of ul-
trasound images is a potential area for improvement. We plan
to explore other methods suitable for capturing time-series
image signals, such as optical flow, to obtain potentially more
effective inputs for DL models.
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