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Liangwen Yan !, Ze Long !, Jie Qian 2, Jianhua Lin 3, Sheng Quan Xie 4 and Bo Sheng /*

lw_yan@shu.edu.cn (L.Y.)

2 Gecond Affiliated Hospital, School of Medicine, Zhejiang University, Hangzhou 310009, China
Department of Rehabilitation Therapy, Yangzhi Affiliated Rehabilitation Hospital of Tongji University,

Shanghai 201619, China

*  Correspondence: shengbo@shu.edu.cn

Abstract: This study aimed to propose a portable and intelligent rehabilitation evaluation system
for digital stroke-patient rehabilitation assessment. Specifically, the study designed and developed a
fusion device capable of emitting red, green, and infrared lights simultaneously for photoplethys-
mography (PPG) acquisition. Leveraging the different penetration depths and tissue reflection
characteristics of these light wavelengths, the device can provide richer and more comprehensive
physiological information. Furthermore, a Multi-Channel Convolutional Neural Network-Long
Short-Term Memory—-Attention (MCNN-LSTM-Attention) evaluation model was developed. This
model, constructed based on multiple convolutional channels, facilitates the feature extraction and
fusion of collected multi-modality data. Additionally, it incorporated an attention mechanism module
capable of dynamically adjusting the importance weights of input information, thereby enhancing the
accuracy of rehabilitation assessment. To validate the effectiveness of the proposed system, sixteen
volunteers were recruited for clinical data collection and validation, comprising eight stroke patients
and eight healthy subjects. Experimental results demonstrated the system’s promising performance
metrics (accuracy: 0.9125, precision: 0.8980, recall: 0.8970, F1 score: 0.8949, and loss function: 0.1261).
This rehabilitation evaluation system holds the potential for stroke diagnosis and identification, laying
a solid foundation for wearable-based stroke risk assessment and stroke rehabilitation assistance.

Keywords: rehabilitation assessment; stroke; photoplethysmography; multi-modality fusion;

MCNN-LSTM-Attention

School of Mechatronic Engineering and Automation, Shanghai University, Shanghai 200444, China;

School of Electronic and Electrical Engineering, University of Leeds, Leeds LS2 9JT, UK; s.q.xie@leeds.ac.uk

1. Introduction

According to a study published in the international journal The Lancet, which focused
on 369 common diseases, stroke, ischemic heart disease, and diabetes were identified as the
three major threats to human health. Among these diseases, China bears the most severe
burden of stroke [1]. The China Stroke Prevention and Control Report (2023) states that
China has the highest number of stroke patients globally, and the incidence is increasing
among younger populations [2]. Stroke is a neurological symptom and disease caused
by damage to specific areas of the brain [3,4]. Stroke is considered one of the most severe
diseases in modern society as it can lead to death in severe cases and cause physical and
mental disabilities. Rehabilitation assessment after stroke has been proven to be beneficial
and essential for most stroke patients [5,6]. Julie Bernhardt et al. [7] highlighted the crucial
role of rehabilitation in stroke recovery during the First Stroke Recovery and Rehabilitation
Roundtable. Rehabilitation assessment not only improves patients” functional abilities but

also enhances their quality of life and social participation.
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Commonly used assessment scales include the Brunnstrom Assessment [8], the Na-
tional Institutes of Health Stroke Scale (NIHSS) [9,10], and the Modified Rankin Scale [11].
The Brunnstrom staging is widely used in clinical practice to classify the rehabilitation
progress of stroke patients due to its simplicity and effectiveness. The Brunnstrom staging
divides stroke recovery patients into stages of flaccidity, spasticity, voluntary movement,
and recovery. By combining changes in neuro-reflex muscle strength and muscle tone at
different stages, specific training methods can be applied to achieve the goal of restoring
patients” limb and cognitive functions [12-14]. However, most traditional assessment
methods are time-consuming, require significant effort, and lack diversity in approaches.
Moreover, rehabilitation assessment by healthcare professionals heavily relies on personal
experience and subjective judgment, making it difficult to obtain objective and accurate
quantitative assessment results that intuitively reflect the patient’s rehabilitation status.

To address these issues, numerous researchers have proposed digital methods for
assessing the rehabilitation statuses of patients. Common biomedical sensing technologies
include surface electromyography (sSEMG), motion analysis systems, electrocardiography,
and photoplethysmography (PPG). For example, Bo Sheng et al. [15] utilized the Kinect
v2 depth sensor to capture motion data and applied singular spectrum analysis and the
multi-ReliefF method to assess upper limb function in stroke hemiparetic patients. Hsin-Ta
Li [16] used inertial measurement units (IMUs) and surface electromyography (sSEMG)
to acquire lower limb motion signals and employed the Support Vector Machine (SVM)
algorithm to assess lower limb function in hemiparetic patients. However, the primary goal
of stroke rehabilitation is to restore overall functional abilities, and assessing the functions
of specific muscles or movements may not comprehensively reflect a patient’s overall motor
capabilities. Additionally, in Hsin-Ta Li’s study [16], when participants performed finger
movements or movements such as dorsiflexion and knee extension, the signals for each
action were manually trimmed through a user interface, introducing subjectivity to the
data collection. On the other hand, some researchers have focused on evaluating stroke
patients from the perspective of blood signals. For instance, Pei-Wen Huang et al. [17]
proposed a multi-modality analysis method incorporating electrocardiography, arterial
blood pressure (ABP), and PPG to predict the functional status of stroke patients, achieving
an accuracy of 82.7%. However, these studies faced challenges of low identification accuracy
and precision.

In recent years, the continuous development of biosensing technology has led to
widespread attention to photoplethysmography (PPG) as a convenient and non-invasive
monitoring method. The PPG signal waveform reflects changes in blood volume within
the measured area. It provides important insights into cardiac ejection capacity and hid-
den pathological information during blood propagation along the vascular tree [18-20].
However, different wavelengths of PPG signals exhibit varying sensitivities to patholog-
ical responses, leading to the need for research on multi-sensor PPG systems to obtain
comprehensive and accurate physiological information [21]. Previous studies have shown
a close correlation between green light PPG signals and electrocardiogram (ECG) R-R
intervals [22]. In contrast, red and infrared lights have stronger penetration capabilities, al-
lowing for deeper penetration into deeper layers of vascular tissue [23]. For example, Yuka
Maeda et al. revealed the advantages of green-light PPG in pulse rate measurement while
the performance of infrared-light PPG in this aspect was relatively poorer [24]. Additionally,
Revati Shriram et al. utilized the characteristics of red and infrared lights to investigate the
relationship between arterial stiffness and PPG waveforms, providing a foundation for the
future assessment of cerebrovascular health [25]. However, the application of PPG signals
in the rehabilitation assessment of stroke still faces challenges. In light of this, this study
aimed to explore a multi-sensor PPG evaluation system that comprehensively considers
red, green, and infrared lights, further investigating the application of multi-wavelength
fusion PPG signals in the rehabilitation assessment of stroke.

In previous research, Wei et al. [26] designed a PPG acquisition device and proposed a
model that combines the Convolutional Neural Network (CNN), Long Short-Term Memory
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(LSTM), and an attention mechanism This model achieved a good accuracy rate of 99.1%
in the diagnosis and identification of hypertension. However, when using this model for
stroke-patient rehabilitation assessment, the accuracy rate was found to be relatively low.
To address the aforementioned issues, this paper proposes a new device and system aiming
to provide a more convenient data acquisition solution and higher accuracy assessment
results. Specifically, the objectives are as follows:

1.  To design a fusion-based PPG sampling device named “NeuroPulseGuard” with
higher accuracy, safety, reliability, and portability;

2. To propose a multi-modality assessment model (MCNN-LSTM-Attention) based on
the fusion of multiple PPG signals. In this study, a total of eight patients and eight
healthy individuals were recruited for data collection and clinical experiments. Perfor-
mance validation and assessment were conducted by comparing the performance of
different models on the same dataset, using accuracy rate, precision, recall, F1 score,
and computational efficiency as evaluation metrics.

2. Materials and Methods

Figure 1 illustrates the operational workflow of the system developed in this study.
The process consists of the following stages:

1.  Designing and implementing a secure, reliable, and portable fusion-based PPG sam-
pling device for collecting PPG data from stroke patients with varying degrees of
severity and transmitting the data via Wi-Fi;

2. Preprocessing the data from patients with different severity levels and healthy volunteers;

3. Analyzing the data using the proposed MCNN-LSTM-Attention model to provide
rehabilitation assessment grades for stroke patients;

4. Physicians can employ these results for more informed clinical interventions, thereby
facilitating better rehabilitation outcomes for the patients.

3 Raw |
s data || ] Results
mm @, § PPY Sighall —> || > o
) RN e
patient _ i iEIE 7
Sampling system Data Preprocessing Deep Learning Doctor

Prediction System

Make reasonable clinical intervention plans

Figure 1. The framework of the stroke assessment system.

2.1. Equipment

In order to obtain high-quality raw PPG signals, a comprehensive signal acquisition
process was designed in this study, as shown in Figure 2. The system consists of the
following steps: (1) The PPG photoplethysmography (PPG) sensor module collects PPG
signals from the patient’s finger; (2) The PPG sensor interacts with the microcontroller
through the 12C protocol; (3) The microcontroller exchanges data with the PC via Wi-Fi.

M

4 Y\ ‘ / \WIFI  WIFI/ \
N :
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FINGER MAX30101

ESP32-C3 Computer

Figure 2. The framework of the PPG acquisition system.
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As shown in Figure 3, the NeuroPulseGuard device’s primary function is to acquire,
transmit, and store PPG signals. The device’s dimensions are 35 mm x 35 mm, with the
core PCB board measuring only 31 mm x 31 mm. The chosen microcontroller for this
device is the ESP32-C3, an IoT chip known for its secure stability, low power consumption,
and cost-effectiveness. It is equipped with a 32-bit single-core RISC-V processor clocked
at up to 160 MHz. The chip supports 2.4 GHz Wi-Fi and Bluetooth 5 (LE) and has ob-
tained CLS-Ready certification, complying with device network security standards [27].
Additionally, the device utilizes the MAX30101 as the core component of its multi-sensor
system. The MAX30101 is a sensor chip integrating green, infrared, and red light sensors,
exhibiting exceptional performance in measuring blood volume changes [28]. As depicted
in Figure 4, the MAX30101 design integrates various components such as photodetectors,
analog-to-digital converters (ADCs), and digital signal processors (DSPs) to achieve high-
precision measurement of blood volume changes. The chip’s LED light sources include
green, red, and infrared lights, with peak wavelengths of 527 nm, 660 nm, and 880 nm,
respectively, chosen based on their correlation with blood reflection characteristics. The
green light wavelength primarily reflects superficial blood volume changes while the red
light wavelength is more sensitive to changes in superficial vessels. The infrared light
wavelength can penetrate deeper into vascular tissues, providing more comprehensive
information [23]. By analyzing signals from these wavelengths comprehensively, a broader
and more accurate assessment of blood volume changes can be obtained, enhancing the
system’s capability for rehabilitation assessment of stroke.

31 mm

-1

ww g

I*

(a) (b) (c)

Figure 3. ‘NeuroPulseGuard”: (a) physical diagram of the fusion-based PPG sampling device;
(b) front view of the internal PCB board of the fusion-based sampling device; (c) schematic diagram
of the reverse side of the internal PCB board of the fusion-based sampling device.

RED i— | DRIVERS |—> | REGISTER DRIVERS |—+—

\}«S‘Z LED DATA e

FINGER

Y
/TN

]
1
1
]
]
N S‘Z REEN i
1
i
PHOTOSIGNAL ELECTRICAL SIGNAL DIGITAL SIGNAL 1

Figure 4. Operational diagram of the multi-functional sensor MAX30101.

To validate the functionality and accuracy of the experimental device, a comparative
experiment was conducted involving three participants (including two males and one fe-
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male). The participants” ages were 45, 52, and 23 years, respectively. During the experiment,
the participants were instructed to maintain a supine position on the bed, ensuring a stable
physiological state. The PHILIPS DB12 pulse oximeter was used to collect data from the
participants’ left index fingers while the experimental device was used to capture PPG
signals from their right index fingers. Each data collection sequence lasted for 5 s. The
obtained blood oxygen saturation and heart rate data were compared with the records
from the PHILIPS DB12 pulse oximeter. To ensure reliability, each participant underwent
three measurements. The experimental results are presented in Tables 1 and 2. In the
experimental device, red and infrared light are highly absorbed by blood and can reflect
the oxygenation level of hemoglobin. Therefore, red and infrared light were utilized to cal-
culate blood oxygen saturation. On the other hand, green light with a wavelength that can
penetrate the skin and superficial blood vessels is highly sensitive to small blood volume
changes caused by cardiac pulsations. Consequently, the green light PPG signal was used to
calculate heart rate [22]. The heart rate and blood oxygen saturation data, obtained through
the acquisition and processing of the PPG signal, were compared with the corresponding
data recorded by the PHILIPS DB12 pulse oximeter. The results demonstrated an error of
less than 1%, ensuring the accuracy of data acquisition.

Table 1. Comparison of device blood oxygen values with the commercial instrument.

No. of Volunteer Experimental Data/% DB12/% Error
98 98 0%
1 98 97 1%
96 97 1%
95 95 0%
2 99 100 1%
97 97 0%
95 96 1%
3 97 97 0%
100 100 0%

Table 2. Comparison of device heart rate values with commercial instruments.

No. of Volunteer Experimental Data/bpm DB12/bpm Error

86 86 0%

1 92 93 1%

89 89 0%

89 90 1%

2 99 100 1%

101 100 1%

109 108 1%

3 101 101 0%

86 85 1%

2.2. Data Processing

The objective of preprocessing filtering is to remove or attenuate noise, artifacts,
and interference to extract the desired physiological signals. PPG signals of different
wavelengths are, fundamentally, intensity signals collected by optical sensors, sharing
similar characteristics and spectral content [29]. Therefore, the same filtering approach was
applied for preprocessing in this study.

In the process of PPG signal acquisition, device component characteristics, external
environment, and unconscious movements can introduce different frequencies of noise.
These noise types can be mainly classified into three categories [30]: random noise, low-
frequency noise, and high-frequency noise. Random noise originates from interference by
light and other electromagnetic signals in the environment, affecting the intensity of the
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PPG signal. Low-frequency noise is primarily caused by baseline drift and motion artifacts,
including baseline drift due to respiration and short-term tissue deformation caused by
motion. High-frequency noise comes from muscle interference and power line interference,
appearing as “spike-like” signal noise. Researchers have developed various types of
filters to address these issues, such as FIR filters [31,32], Kalman filters [33], Butterworth
filters [34,35], moving average filters [36], and Chebyshev Type II filters. According to
relevant researchers’ studies [37], by comparing nine different filters with 10 different
orders, it was found that the Chebyshev Type II filter exhibited superior performance in
improving the quality of the PPG signal. This filter demonstrates frequency selectivity,
effectively filtering out interference and noise while preserving valuable information in the
signal. Additionally, this study also compared the filtering effects of different filters. Based
on the results presented in Table 3, the Chebyshev Type II filter performed the best in terms
of signal-to-noise (SNR) ratio.

Table 3. Comparison of filtering effects among different filters.

Chebyshev . . Savitzky-Golay .
Type I Filter Gaussian Filter Filter Smooth Filter
SNR (dB) 81.9626 40.845 76.5083 45.2653

The Chebyshev Type I filter is a type of digital filter characterized by having minimal
ripple within the passband and maximum attenuation within the stopband. This filter
allows for the existence of ripples within the passband to achieve a steeper filter response
and provides maximum attenuation within the stopband to suppress unwanted frequency
components. To describe the transfer function, we use the following formula(s):

H(s) = 1/sqrt(1 + €2 x C22(s)) (1)

Here, H(s) represents the transfer function of the filter, where s is a complex variable.
C, denotes the polynomial form of the transfer function for the Chebyshev Type II filter. &
represents the maximum passband ripple parameter. The expression for Cy(s) is given by
the following equation:

Ca(s) = (s = 1)2/(Cy(s) x Ca(s) X ... x Cn(s)) )

Here, n represents the order of the filter, and D;(s), D»(s), ..., Dn(s) are first-order
polynomials. They can be expressed using the following formula:

Di(s) = s+ oy 3)

Here, & represents constants associated with the poles of the filter.

From Figure 5a,b and the 10-min processed graph, it can be observed that the signal,
after undergoing Chebyshev Type II processing, removed a significant portion of baseline
drift, and the waveform distribution is more concentrated around the central axis. From
Figure 6a,b and the 10-s processed detailed graph, it can be seen that the signal curve, after
Chebyshev Type II processing, appeared smoother. From Figure 6b,c and the processed
detailed graph, it can be observed that the residual offset component in the signal, after the
previous processing, was removed using cubic spline interpolation [38].
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Figure 5. Data processing: (a) raw PPG signal (10 min); (b) filtered PPG signal (10 min).
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Figure 6. Data processing details: (a) raw PPG signal (10 s); (b) PPG signal after Chebyshev Type
II filtering (10 s); (c) PPG signal after removing baseline drift (10 s). The enlarged view of a specific
detail in the PPG signal is shown within the green circle.

2.3. Model Architecture

This study aimed to achieve automated classification of stroke patients to provide
convenient and accurate rehabilitation assessment. To this end, we have designed an end-to-
end deep learning model for extracting features and classifying strokes from preprocessed
raw signals. Figure 7a illustrates the overall architecture of the model, consisting of a
feature extractor module, depicted in Figure 7b, and a classifier module, shown in Figure 7c.
Initially, the preprocessed green, red, and infrared light signals are fed into a Multi-Channel
Convolutional Neural Network (MCNN) module, which extracts both shallow and deep
features from each signal and subsequently combines them. The fused features from
different PPG signals are then input into a Long Short-Term Memory (LSTM) module for
further fusion learning. The output of the LSTM module is subsequently passed through
an attention module. Finally, the features from the attention module are fed into a classifier
for rehabilitation assessment of stroke.
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Figure 7. (a) MCNN-LSTM-Attention model; (b) MCNN module; (c) classifier module.

Figure 7b showcases the feature extractor module using the preprocessed green light
signal as an example. It comprises two one-dimensional Convolutional Neural Networks
(CNNs) with different kernel sizes and depths. These CNNs simultaneously process
the preprocessed green light signal as input and extract features in different frequency
domains. The larger receptive field is employed for extracting shallow features while the
smaller receptive field is utilized for extracting deep features. Using one-dimensional
CNNs as feature extractors offers several advantages: firstly, they can automatically learn
the underlying meanings of different PPG signals; secondly, weight-sharing strategies
significantly reduce the number of parameters in high-dimensional input vectors. The
classifier module depicted in Figure 7c consists of hierarchical Long Short-Term Memory
(LSTM) networks, an attention layer, and fully connected layers. These components
construct a complex nonlinear model that captures the relationship between inputs and
outputs. In this architecture, the LSTM module further integrates the features extracted
from different PPG signals and serves as an input to the attention layer. The attention
mechanism identifies and emphasizes the most important features as determined by the
model, thereby enhancing classification performance. The output of the attention layer is
then passed to the fully connected layers for classification. Finally, the softmax function is
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applied to obtain classification results at different levels. Dropout strategies and 10-fold
cross-validation were employed to mitigate overfitting during model training.

2.3.1. Single-Signal Fusion Module

Convolutional Neural Networks (CNNs) are feedforward neural networks with con-
volutional computations and deep structures that are widely used in image processing and
natural language processing [39]. They extract features from input data by performing con-
volutional computations and deep structures, providing effective feature representations.
Multi-Channel Convolutional Neural Networks (MCNNs) have been applied in various
fields. Liang et al. [40] utilized a multi-channel CNN structure where each channel received
a different pre-trained word vector as input. These multiple channels captured additional
semantic information from input sentences, enabling the model to learn more discrimi-
native semantic features and have stronger representation capability in natural language
processing. X. Chen et al. [41] employed two CNNs with different kernel sizes to extract
signal features of different frequencies from raw data and used Long Short-Term Memory
(LSTM) networks to classify fault types based on these features. When applying MCNNs
to process one-dimensional pulse waveforms (PPG) signals, the following advantages can
be obtained:

1.  Capturing multi-modal features: PPG signals are measurements of changes in blood
volume caused by heartbeats obtained through optical sensors. PPG signals contain
components with different frequencies and amplitudes that are related to physiologi-
cal parameters such as heart rate and blood pressure. By using multiple channels in
convolutional layers, MCNN can capture features at different scales simultaneously.
For example, lower-frequency channels can capture the overall shape and fluctua-
tions of heartbeats while higher-frequency channels can capture subtle variations in
heartbeats [42-44].

2. Multi-modal fusion: PPG signals can be obtained from three different light sources,
each providing slightly different characteristics in PPG signals. MCNN can process
PPG signals from different lights simultaneously and extract feature representations
for light sources through multi-channel convolutional layers. By applying multi-
channel convolution and pooling operations, MCNN can fuse the information from
different light sources into a unified feature representation, enhancing the model’s
understanding of PPG signals.

3. Hierarchical feature extraction: Hierarchical feature extraction is an important charac-
teristic of MCNN, typically comprising multiple convolutional and pooling layers.
This hierarchical structure enables the progressive extraction of features at different
levels of abstraction from PPG signals. As shown in Figure 8, taking the green light
PPG signal as an example, MCNN utilizes CNNs to extract deep and shallow fea-
tures separately. These features originate from different layers and exhibit distinct
characteristics. The shallow convolutional layers aim to capture low-level features of
PPG signals, such as the shape and fluctuations of heartbeats, to preserve the local
information of the signals better. As the network layers deepen, the deep feature
encoder can capture more abstract and complex patterns in the signal, such as pat-
terns of heart rate variations or cardiac pathologies [45,46]. By combining these two
types of features from different levels, MCNN can fully leverage both global and
local information in the signal, resulting in more comprehensive and accurate feature
representations. The fused features are then input into the Long Short-Term Memory
(LSTM) network for further temporal modeling and processing. Consequently, hierar-
chical feature extraction enables MCNN to represent and classify PPG signals better,
thereby improving the model’s performance and robustness.
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Figure 8. Fusion diagram of MCNN. In the “shallow feature” graph and the “deep feature” graph,
different colors represent different features.

One-dimensional convolution is used for feature extraction for one-dimensional time
series data such as PPG signals.

yEFL(G) = wh x X¥(j) + bF @)

Here, w and b are the weights and biases of the i-th layer filter and the k-th layer,
respectively, and X represents the j-th local input in the k-th layer.
The i-th layer of the k + 1 channel after pooling can be described as follows:

PETL(j) = maX(j_l)W+1§t§jW{q§(t)} ®)

q represents the t-th neuron in the i-th channel of the k-th layer and W is the width of the
pooling kernel.

In PPG signal processing, one-dimensional convolutional neural networks can be used to
extract temporal features from the signals. The convolutional layer learns filters suitable for PPG
signals to capture important features while the pooling layer further reduces the dimensionality
of the features and retains the main signal patterns. These features can be utilized in various
applications such as heart rate detection, emotion analysis, and disease diagnosis.

2.3.2. Multi-Signal Fusion Module

Pulse wave data belong to the category of one-dimensional temporal data, and the re-
current neural network (RNN) structure in deep learning algorithms has shown promising
results in processing time series data [47]. However, RNNs are prone to gradient vanishing
or exploding problems. Therefore, in this paper, the Long Short-Term Memory (LSTM)
network structure is employed as a substitute for the RNN model.
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As shown in Figure 9, the LSTM consists of three gating mechanisms: the forget
gate, the input gate, and the output gate. The PPG signal features extracted by the Multi-
Channel Convolutional Neural Network (MCNN) are fed into the input gate. The forget
gate determines the amount of information to retain in the previous time step’s state. It
computes the activation value of the forget gate by considering the current input, the
previous output, and the state information, followed by applying the sigmoid function.
The activation value of the forget gate is multiplied by the state of the previous time step,
controlling which information should be forgotten from the previous state.

- €0 9

A
( X @ > ( ® >
(X) X X)
[o | [tanh] o | [tanh] [o]

X0=(®9)--(@ 9)--(@ 9

Features(Random)

Figure 9. Diagram of LSTM multi-signal fusion structure.

The specific formulas are as follows; the information received by the forget gate
includes the current input x, the previous node’s output h;_1, and the previous node’s
state C;_1. The activation calculation formula for the forget gate (where b and W are bias
and weight vectors, and o denotes the sigmoid function) is presented below:

fr = o(Wg x [x, hi1,Ci1] +bg) ¥ Ci4 (6)
it = o(Wj x [x¢, he—q1,Ci—1] +by) )
Ct = ft + it X tanh(WC X [Xt, ht—l/Ct—l] +bc) (8)

Based on the new state C; of this neuron node, the LSTM structure can output the
current neuron’s output by using the output gate based on h;_1, x;, and the new state C;.

Ot = O<(‘/VO X [Xt/ htfl/ Ct] +b0) (9)
ht = tanh(Ct) X Ot (10)

2.3.3. Accuracy Improvement Module

The attention mechanism simulates the behavior of human vision or attention, allow-
ing the model to focus more on important parts of the input sequence [48,49]. General
attention mechanisms are based on the Encoder-Decoder framework, as shown in Figure 10.
The purpose of this model is to address the task of mapping variable-length input sequences
X = (x1,X2,...,%n) to variable-length output sequences Y = (y;,y,,...,¥,,)- The Encoder
is responsible for receiving the input sequence X and transforming it into an intermediate
abstract representation C through nonlinear transformations: C = f(xq,Xp,...,Xn). The
primary role of the Encoder is to encode the input sequence into a fixed-dimensional
representation, capturing the semantic and contextual information of the input sequence.
The Decoder’s task is to predict and generate the output at time step i, y., based on the
intermediate abstract representation C of the input sequence X and the previously gener-
ated partial outputs y, vy, ..., ¥;_1 : ¥; = 8(¥1, Y- - -, ¥i_1,C). The Decoder utilizes the
intermediate representation C and the already generated partial outputs to infer the next
output, gradually constructing the output sequence.

11
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Hp,—1 represents the hidden state of the Decoder at time step m—1, y, | is the target
value, and C; is the context vector. Therefore, the hidden state at time step m can be defined
as follows.

Y = f(Hm-1,¥m_1,Ci) (11)

C; depends on the hidden vectors of the input sequence on the Encoder side and can
be represented after weighted processing, as shown in Equation (12).

Ly
Ci = Z (Xllhj (12)
j=1

hj represents the hidden vector of the j-th value on the Encoder side, which contains
information from the entire input sequence but focuses on the surrounding portion of the
j-th value. Ly is the length of the input side, «;; represents the attention allocation coefficient
of the j-th value on the Encoder side to the i-th value on the Decoder side, and the sum of
aj probabilities is 1. The calculation formula for wj is shown in Equation (13).

exp ()
%= g, (13)
I exp (o)
oij = a (Y1, hy) (14)

ojj represents an alignment model that measures the alignment degree between the
value at position j on the Encoder side and the value at position i on the Decoder side.
Introducing an attention mechanism in the model can help capture the temporal correlation
in the signal better and enable the model to adapt to the signal characteristics of each
patient individually, improving the personalization effect of classification.

In summary, this model uses MCNN for feature extraction to learn signal features
in different frequency domains automatically. Then, LSTM-Attention networks are used
for temporal modeling and internal feature extraction, followed by fully connected layers
for classification. This structure effectively handles PPG signals and converts them into
classification results for different levels of stroke patients.

3. Experiments
3.1. Participants

The subjects were divided into two groups: the stroke patient group and the healthy
group. The stroke patient group consisted of 8 individuals diagnosed with ischemic stroke
at the Sunshine Rehabilitation Center in Shanghai, China. Correspondingly, during the
same period, 8 male volunteers of similar age were selected as the healthy group, with an
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age range of 50 & 10 years (Table 4). The average age of the healthy control group was
54.125 years, with a standard deviation of 4.0510, while the average age of the stroke patient
group was 49.875 years, with a standard deviation of 8.9512. Previous studies have shown
that age is a key factor influencing pulse wave characteristics [50], and many researchers
are exploring methods for assessing vascular aging [51,52]. Parameters such as pulse transit
time [53] and pulse wave velocity [54] are considered standards for evaluating vascular
stiffness. Some researchers have noted a significant correlation between PPG features
obtained from the finger and age [55]. This feature resembles the age-related progression
of arterial stiffness assessed through pulse wave velocity (PWV). Therefore, age is a factor
that influences the evaluation of the model. It is worth noting that both groups included
only male participants, ensuring gender consistency in the study.

Table 4. Comparison of basic information of volunteers in group 2.

Standard . . . Right-
Group Gendoer Age (Years) Mean Age Deviation of Hypef)tenswn He{mpleogla/ Handedness
(Male %) (Years) (%) Right (%) o
Age (Years) (%)
Healthy 8 (100) 40-60 54.125 4.0510 0 - 8(100)
Patient 8 (100) 40-60 49.875 8.9512 62.5 75 8(100)

The Brunnstrom Assessment Scale is a grading system used to describe the ex-tent of
limb movement recovery in patients. This system consists of six stages, numbered from
1 to 6, representing different levels of limb movement recovery. However, in this paper, the
seventh stage is defined as representing normal activity exhibited by individuals who have
fully recovered and are in a healthy state. The specific stages are illustrated in Table 5. The
stroke patients all experienced their first ischemic stroke within three months. Among these
individuals, 6 patients exhibited right-sided hemiplegia and 2 patients exhibited left-sided
hemiplegia. Of these individuals, 4 patients were classified as being in stage V and 4 patients
as being in stage VI. The selection of participants in stages V and VI was primarily based on
the feasibility of data collection and the practical applicability of the study. Firstly, patients
in stage I are in the acute phase, during which their neurological and physiological states
undergo significant changes and adjustments [56-59]. Therefore, collecting data during
this stage may cause secondary harm to the patients. Secondly, patients in stages II, III,
and IV typically exhibit more pronounced spasms [12,14], and the significant fluctuations
caused by spasms introduce excessive noise, making the collected data less accurate and
reliable. Please note that the study design was intended for individuals aged 40 to 60, in
stages V and VI, and for healthy individuals. Participants outside this range may not be
applicable to this model.

Table 5. Brunnstrom assessment scale [8].

Stage Description

I Flaccid Stage No movement was initiated or elicited.

Synergies or components are first appearing.

II Spasticity Appears Spasticity is developing.

Synergies or components are initiated voluntarily.

III Increased Spasticity Spasticity is marked

Movements are deviating from basic synergies.

IV Decreased Spasticity Spasticity is decreasing

There is relative independence of basic synergies.

V Complex Movement Combinations N .
Spasticity is waning

Movement coordination is near-normal.

VISpasticity Disappears Spasticity is minimal.

13
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The basic information on all volunteers, including age, gender, type of hemiplegia, and
alcohol history, was collected. Simultaneously, the patients’ PPG signals were recorded. The
control room temperature was maintained at 23 °C while the finger temperature was set at
32 °C. Participants were instructed to remain in a stationary state. The PPG signals from
the right index finger of each volunteer were collected continuously for 30 min during the
sampling period, which took place between 17:00 and 19:00 in the afternoon. The sampling
frequency was set at 100 Hz. The data collection experiment is depicted in Figure 11.

Figure 11. Photo of PPG signal acquisition of a patient in the hospital.

3.2. Testing Protocol

The engagement of stroke patients in this study’s voluntary activities underwent a
stringent ethical review process, adhering to the principles outlined in the Helsinki Dec-
laration [60]. The primary objective was to safeguard the participants’ rights and ensure
ethical compliance throughout the activities. A comprehensive set of measures was imple-
mented to protect the participants” welfare. Firstly, prior to commencing the experiments,
detailed procedural instructions were provided to each participating subject, accompanied
by comprehensive disclosure regarding the data collection requirements and the research
objectives, processes, and objectives for which the data would be utilized. Secondly, this
study placed utmost importance on preserving the privacy and confidentiality of the par-
ticipants, ensuring the proper handling and protection of their personal information and
medical records. The volunteers were given the autonomy to participate in the activities
willingly and possessed the right to withdraw at any point without facing any detrimental
repercussions. Stringent adherence to ethical principles was maintained throughout the
study, ensuring that the activities were conducted in alignment with the highest moral
standards while safeguarding the interests and safety of the participants to the greatest
extent possible. The volunteers provided informed consent and signed consent forms
while the research protocol underwent thorough deliberation and approval by the Ethics
Committee of Shanghai University.

3.3. Validation
3.3.1. K-Fold Cross-Validation

As shown in Figure 12, K-fold cross-validation is a commonly used technique in
machine learning to evaluate and validate model performance [61]. Firstly, the original
dataset is divided into 10 equally sized subsets, and then, 10 iterations are performed.
In each iteration, one of the subsets is selected as the validation set while the remaining
9 subsets are used as the training set. Each subset is used as the validation set once, allowing
for multiple rounds of training and validation, which provides a reliable estimate of the
model’s performance. Ten-fold cross-validation helps detect whether a model is overfitting
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the training data. If the model performs well on each validation set, it indicates a strong
generalization capability.
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The model’s performance was comprehensively evaluated by calculating the proba-
bility distribution of the dataset being stroke-related and the overall accuracy, precision,
recall, and F1 score.

The accuracy was computed using Formula (15):

Figure 12. Ten-fold cross-validation.

3.3.2. Performance Evaluation

TP + TN

A - 1
Ay = TP L TN+ FP + EN (15)

The precision was calculated as shown in Formula (16):

TP

P .. _
recision TP + FP

(16)

The recall was calculated as shown in Formula (17):

TP

Recall = ——
AT TPIEN

(17)

The F1 score was calculated as shown in Formula (18):

2 x Precision x Recall

Fl Precision + Recall

(18)

The relationships between TP, TN, FP, and FN are summarized in Table 6.

Table 6. Correspondence of TP, TN, FP, and FN.

Ground Truth
Confusion Matrix . .
Positive Negative
. Positive TP FP
Predicted value Negative FN TN

4. Results

The training process is illustrated in Figure 13, showing the accuracy and loss curves
during a training iteration. The figures indicate that as the number of iterations increases,
the model’s accuracy gradually improves and reaches its peak while the loss value gradually
decreases and eventually stabilizes. The validation accuracy is slightly lower than the
training accuracy.
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Based on the confusion matrix obtained from the test set (as shown in Figure 14),
the model’s recognition accuracy can be calculated as 91.25%, precision as 89.80%, recall
as 89.70%, and F1 score as 89.49%. It is important to note that in Figure 14, “Level VII”
represents healthy individuals.
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Figure 14. Confusion matrix.

The classification results of different models on the same dataset are presented in
Table 7, representing the average values from 10-fold cross-validation. The MCNN-LSTM-
Attention model achieves the highest accuracy of 91.25% while the CNN-LSTM model has
the lowest accuracy at only 69.04%. The MCNN-LSTM-Attention model outperforms the
CNN-LSTM-Attention model by 25.4% in terms of accuracy, and the MCNN-LSTM model
surpasses the CNN-LSTM model by 24.8%. The MCNN-LSTM-Attention model achieves
a 10.5% higher accuracy than the MCNN-LSTM model, and the CNN-LSTM-Attention
model achieves a 5.1% higher accuracy than the CNN-LSTM model.
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Table 7. Classification results of different models on the dataset.

Method Accuracy Precision Recall F1 Score Loss
CNN-LSTM 0.6904 0.6560 0.6508 0.6534 0.5128
CNN-LSTM-Attention 0.7273 0.6946 0.6362 0.6928 0.4907
MCNN-LSTM 0.8679 0.8861 0.8419 0.8634 0.3677
MCNN-LSTM-Attention 0.9125 0.8980 0.8970 0.8949 0.1261

Table 8 presents the training times required for different algorithm models in a single
training iteration. It is worth noting that models with attention mechanisms significantly
increase the training time compared to those without attention mechanisms. The difference
in training time between the multi-scale CNN model and the single-scale CNN model
is minimal.

Table 8. Training times for different models (one epoch).

Model Time/s
CNN-LSTM-Attention 7.3
CNN-LSTM 1.3
MCNN-LSTM 1.5
MCNN-LSTM-Attention 7.6

5. Discussion

The main findings of this study were as follows: (1) The fusion-based PPG signal ac-
quisition system designed and investigated using ESP32C3 meets the experimental require-
ments and exhibits advantages such as portability, low cost, and good accuracy. (2) The pro-
posed multi-modality approach significantly improves the accuracy compared to the single-
modal approach, with the CNN-LSTM-Attention stroke recognition model achieving an
accuracy of 91.94%. Compared to feature extraction from a single modality, the proposed
model better captures the interdependencies among types of PPG sequence information, en-
hancing the feature representation capability and resulting in performance improvement.

5.1. Fusion-Type Device

This paper presents the design of a precision Pulse Plethysmography (PPG) signal
acquisition device. The device utilizes an ESP32-C3 microcontroller as its core, offering
several advantages over traditional approaches. Firstly, the ESP32-C3 microcontroller
enables the collection of PPG signals from the fusion sensor MAX30101, including green,
red, and infrared light, facilitating comprehensive signal acquisition for more accurate data
in the rehabilitation assessment of stroke. Secondly, the device ensures stable data transmis-
sion, high accuracy, low power consumption, and a compact form factor, measuring only
31 mm x 31 mm. It also has a relatively low cost, making it portable and cost-effective.

As shown in Figure 15, in comparison to Wei’s previously designed device, which
required multi-level data transmission through sensors, STM32, ESP8266, and Wi-Fi to
the PC, the ‘NeuroPulseGuard’ microcontroller ESP32-C3 directly acquires data from the
sensor and transmits it via Wi-Fi, simplifying the system architecture and improving system
stability and robustness. The device has a smaller form factor, lower power consumption,
and lower cost. Table 1 demonstrates that the ‘NeuroPulseGuard” device, after collecting
and processing PPG signals, achieves a heart rate measurement with an error within 1%
compared to the heart rate data recorded by the PHILIPS DB12 pulse oximeter, further
enhancing accuracy compared to Wei’s device with 2% precision.
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Figure 15. Comparison of the internal structures of the devices: (a) Wei’s equipment; (b) ‘NeuroPulse-
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Guard’ device.

Additionally, the ‘NeuroPulseGuard” device, when compared to those developed by
other researchers such as the wrist-worn PPG signal monitoring devices designed by Zhang
etal. [62] and Lee et al. [63], offers advantages. Despite sharing the same portability, the
‘NeuroPulseGuard’ device does not suffer from the weaker PPG signal strength that can
result from the small and shallow blood vessels at the wrist. Compared to PPG signals
obtained from the fingertip, wrist-worn devices may result in higher levels of signal noise.
These issues limit their suitability and performance in real-world applications.

5.2. Multi-Modality Approach

The proposed multi-modality approach in this paper primarily included feature extrac-
tion fusion for a single PPG signal and feature fusion for multiple PPG signals. Specifically,
the following statements can be made: (1) The feature extraction fusion for a single PPG
signal utilized a MCNN, which introduced multiple convolutional channels compared to
a traditional single-channel CNN. This design allowed the MCNN to comprehensively
capture features at different levels (deep and shallow), thereby enhancing the model’s
feature extraction capability. By utilizing PPG signals from green, red, and infrared light
as inputs, the MCNN could extract comprehensive physiological data, providing richer
feature information for the rehabilitation assessment of stroke. (2) In terms of feature fusion
for multiple PPG signals, previous research has indicated that LSTM exhibited higher
accuracy in the field of multi-signal fusion [64,65]. In this study, by integrating PPG signal
features from green, red, and infrared light, a temporal dependency was established. This
temporal dependency effectively captured the correlation between features and further
improved the model’s performance. Additionally, an attention mechanism was introduced
to enhance the model’s performance. The attention mechanism dynamically adjusted
weights based on the importance of input data, enabling the model to focus more on crucial
parts and improve its perception of key features [66].

From the perspective of overall model performance, the proposed MCNN-LSTM-
Attention model achieved an accuracy of 91.25% in rehabilitation assessment, surpassing
the accuracy of 72.73% for the CNN-LSTM-Attention model and 86.79% for the MCNN-
LSTM model. Furthermore, compared to other models, the MCNN-LSTM-Attention model
demonstrated good precision (0.8980), recall (0.8910), F1 score (0.8949), and loss func-
tion (0.1261) values. These findings indicated that the model exhibited good accuracy
and reliability in the rehabilitation assessment of stroke. To fully consider the utilized
dataset in the experiments, 10-fold cross-validation was employed to effectively reduce
biases arising from uneven dataset partitioning; improve the reliability, stability, and
generalization ability of model evaluation; and ensure consistent performance across dif-
ferent data subsets, thus enhancing the credibility of the experimental results. In terms
of overall model efficiency, the MCNN-LSTM-Attention model required 7.6 s per training
cycle. In comparison, the CNN-LSTM-Attention model required 7.3 s, the MCNN-LSTM
model required 1.6 s, and the CNN-LSTM model required 1.3 s. The introduction of the
MCNN feature extraction module only increased the training time by 0.2-0.3 s but achieved
performance improvement.
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In the field of pulse wave analysis using photoplethysmography (PPG), traditional
machine learning has been a significant topic. However, previous research has shown that
deep learning networks outperform traditional machine learning algorithms in PPG signal
processing tasks [18,67,68]. Therefore, in this paper, the deep learning algorithm for PPG
patient data is not compared with traditional machine learning algorithms. During the
feature extraction process of machine learning, researchers found that the waveform in
stroke patients is influenced by vascular wall elasticity, making it difficult to locate the
dicrotic wave and even resulting in the disappearance of the dicrotic wave. This leads to
missing feature points and limited dimensions of manually extracted features, making it
challenging to discover deep-level features and correlations between features.

In comparison with other studies in various multi-signal research fields, this study
compared the proposed method with other research results, as shown in Table 9. These
studies all involved the rehabilitation assessment of stroke. In the first study [26], Wei
et al.’s model (CNN-LSTM-Attention) achieved only 72.73% accuracy. In the second
study [17], based on the NIHSS scale, 234 features were extracted from EKG, ABP, and PPG
signals, and a linear kernel SVM classifier was employed, resulting in an accuracy of 82.7%.
Furthermore, in the third study by Zhe Zhang et al. [69], patients’ levels were evaluated
based on the Brunnstrom scale using a fuzzy inference system, achieving an accuracy of
87.5%. In the fourth study, the C4.5 decision tree algorithm was used for patient-level
recognition based on the HINSS scale [70], and an accuracy of 91.11% was achieved. The
classification accuracies in these four studies were lower than those of the proposed model
in this paper. In comparison, the MCNN-LSTM-Attention rehabilitation assessment of
the stroke model proposed in this study can effectively extract deep-level features from
PPG signals and improve accuracy through multi-modality feature extraction. In the fifth
study [16], based on the Brunnstrom scale, the lower limb movement signals of patients
were obtained through inertial measurement units (IMUs) and surface electromyography
(sEMG). A total of 480 features were extracted, and an SVM classifier was utilized, resulting
in an accuracy of 95.2%. However, in the assessment process, the signals for each movement
were manually trimmed from a user interface. The experimental process was complex and
cumbersome, and subjective factors were involved, limiting its applicability.

Table 9. Classification performance comparison.

Method Feature Stroke Scale Classifier Accuracy
Numbers
PPG - Brunnstrom MCNN-LSTM-Attention 91.25%
PPG [26] - Brunnstrom CNN-LSTM-Attention 72.73%
EKG-ABP-PPG [17] 234 features NIHSS Linear kernel SVM 82.7%
Motion data 27 features Brunnstrom Fuzzy inference system 87.5%
samples [69]

HINSS [70] 13 features HINSS C4.5 decision trees 91.11%
MU and ECG 480 features Brunnstrom SVM 95.2%

feature [16]

Furthermore, as observed in Table 9, traditional machine learning algorithms seemed
to outperform deep learning algorithms in the rehabilitation assessment of stroke. How-
ever, the relevant literature suggests that deep learning networks outperform traditional
machine learning algorithms in many cases. The reason for this apparent contradiction is
that traditional machine learning algorithms make use of multiple signal sources, such as
combinations of IMU-ECG, IMU-ECG, EKG-ABP-PPG, and others. These combinations
of different signal types provide richer feature information, resulting in improved classi-
fication accuracy. Therefore, the high accuracy achieved by traditional machine learning
methods is closely tied to the comprehensive utilization of multi-signal data. In contrast,
this study focused on the classification of multi-modal PPG signals for the rehabilitation
assessment of stroke. The MCNN-LSTM-Attention rehabilitation assessment of the stroke
model proposed in this study achieved high accuracy despite using only multi-modal
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PPG signals and not combining multiple signal sources. This suggests that deep learning
methods have an advantage in handling multi-modal data from a single signal source. If
multiple signal sources are combined in the future, it is likely that further improvements
in accuracy can be achieved. This indicates the potential of the proposed deep learning
method in the future.

5.3. Limitations and Future Work

The study had certain limitations that could impact the results. Firstly, similar to many
studies, the number of volunteers in this experiment was limited. However, the proposed
MCNN-LSTM-Attention model focused on the raw data rather than the traditional feature-
based algorithms that require feature extraction from raw data. In this preliminary study, a total
of 8,640,000 data points (three wavelengths x 100 Hz x 60 s x 30 min x 16 participants) were
collected, and 91.25% accuracy was achieved. Secondly, age is a crucial factor influencing
PPG features, and this study only targeted participants aged 40 to 60. The model might not
be applicable to individuals outside this age range. Lastly, this study only involved stroke
patients in stages V and VI, as well as healthy individuals, limiting the generalizability of
the model to all stroke patients undergoing rehabilitation.

In the future, the further validation and improvement of the model, as well as the
enhancement of its accuracy, generalization, and robustness, can be achieved by collecting
more patient data and increasing the sample size. Additionally, seeking higher-quality
sensors to enhance hardware and continuously optimizing the deep learning model used
in this study will broaden its applicability and scope. Finally, the NeuroPulseGuard data
acquisition device, which enables the convenient collection of multi-modal PPG signals,
holds the potential to assist post-recovery stroke patients and is suitable for community-
wide adoption.

6. Conclusions

This paper presents the design and investigation of a fusion-based photoplethys-
mography (PPG) and capacitive volume pulse acquisition device for the rehabilitation
assessment of stroke. Subsequently, a recognition model based on MCNN-LSTM-Attention
has been proposed. The incorporation of a multi-modality fusion mechanism and attention
mechanism enhances the model’s capability to represent features, leading to improved
recognition accuracy. Experimental results demonstrate that the MCNN-LSTM-Attention
rehabilitation assessment of the stroke model achieves an average accuracy of 91.9% in
10-fold cross-validation. The proposed model outperforms other deep learning models in
terms of precision, accuracy, and F1 score metrics.
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Abstract: Multi-modal medical image fusion (MMIF) is crucial for disease diagnosis and treatment
because the images reconstructed from signals collected by different sensors can provide complemen-
tary information. In recent years, deep learning (DL) based methods have been widely used in MMIF.
However, these methods often adopt a serial fusion strategy without feature decomposition, causing
error accumulation and confusion of characteristics across different scales. To address these issues, we
have proposed the Coupled Image Reconstruction and Fusion (CIRF) strategy. Our method parallels
the image fusion and reconstruction branches which are linked by a common encoder. Firstly, CIRF
uses the lightweight encoder to extract base and detail features, respectively, through the Vision
Transformer (ViT) and the Convolutional Neural Network (CNN) branches, where the two branches
interact to supplement information. Then, two types of features are fused separately via different
blocks and finally decoded into fusion results. In the loss function, both the supervised loss from
the reconstruction branch and the unsupervised loss from the fusion branch are included. As a
whole, CIRF increases its expressivity by adding multi-task learning and feature decomposition.
Additionally, we have also explored the impact of image masking on the network’s feature extraction
ability and validated the generalization capability of the model. Through experiments on three
datasets, it has been demonstrated both subjectively and objectively, that the images fused by CIRF
exhibit appropriate brightness and smooth edge transition with more competitive evaluation metrics
than those fused by several other traditional and DL-based methods.

Keywords: multi-modal medical image fusion; multi-task learning; deep learning; vision transformer;
convolutional neural network

1. Introduction

With the development of medical imaging technology, a variety of imaging modalities
have emerged, such as magnetic resonance imaging (MRI) [1], computed tomography
(CT) [2], positron emission tomography (PET) [3] and single-photon emission computed
tomography (SPECT) [4]. They all have unique information and characteristics [5]. MR
images have better soft tissue definition and higher spatial resolution but are often ac-
companied by motion artifacts. CT images can facilitate the detection of dense structures
like bones and implants; however, CT imaging involves a certain level of radiation and
is limited in its ability to provide qualitative diagnosis. PET and SPECT images have
high sensitivity and are often used for metabolic information gauging, vascular disease
diagnosis and tumor detection, but their spatial resolution is relatively low.

From the above discussion, it is clear that each imaging modality has its own scope
of application and limitations. Furthermore, information from a single sensor is not
enough to handle scene changes effectively, and the information from different modalities
is exceedingly significant. Additionally, even when there are multi-modal medical images
(MMI), the high requirement of spatial imagination capability for doctors still poses a
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challenge. Therefore, the multi-modal medical image fusion (MMIF) algorithm is the key
to resolving this awkward situation [5]. Generally, MMIF is a process of combining salient
and complementary information into images with high visual perceptual quality, thereby
benefiting more comprehensive and accurate disease diagnosis and treatment.

Currently, MMIF methods are mainly divided into traditional and deep learning (DL)
based fusion methods. The former consists of three parts: image decomposition and recon-
struction, image fusion rules, and image quality assessment [6]. The traditional methods
do not require model training but need to fix specific fusion strategies in advance. How-
ever, manually designed complex image decomposition methods are usually ineffective
in retaining important information from the source images and may produce artifacts in
the fused image. In addition, feature extraction methods are usually designed for specific
tasks, leading to the poor generalization ability and robustness of the fusion methods.

As for existing DL-based [7] methods, they have improved the fusion quality to
some extent, but their fusion effect is greatly influenced by the lack of gold standards,
the limitations of the adopted network structure and improper loss function. Besides,
unlike many traditional methods, previous DL-based fusion methods have rarely used
feature decomposition. Recently, Zhao et al. [8] have proposed the Correlation-Driven
Dual-Branch Feature Decomposition based fusion (CDDFuse) method, which combines
Convolutional Neural Network (CNN) with Vision Transformer (ViT). In CDDFuse, the
distinction between cross-modal features and shared features is facilitated to increase the
correlation between the low-frequency features and decrease the correlation between the
high-frequency features. However, when handling low-resolution MMI, rich detailed
textures and blurred edges, CDDFuse cannot always work well. One example is that the
CDDFuse does not perform well in CT-MR fusion in RIRE dataset [9] with large amounts of
low-frequency monochromatic smearing, i.e., a pure grey background of the image covers
the detailed textures of the MR image. Therefore, the following drawbacks can not be
ignored. Firstly, the network uses a two-stage training strategy in which the cascading
structure of image fusion and image reconstruction modules is trained in a serial way,
leading to the accumulation of errors. Moreover, the feature decomposition network
involves insufficient feature interaction, resulting in the deterioration of complementary
information. Finally, the loss function used in CDDFuse cannot ensure the preservation of
smooth boundary transition and high-quality visual fidelity.

To address the above-mentioned problems of the CDDFuse, we have proposed the
Coupled Image Reconstruction and Fusion (CIRF) strategy. In this strategy, we have
optimized the network structure and applied a new loss function. Our contributions can be
briefly summarized as:

*  We have proposed a novel fusion network with parallel image fusion and image
reconstruction modules that share the same encoder and use the image masking
strategy to enhance the feature learning ability of the encoder, thereby reducing
error accumulation.

®  The base-detail feature decomposition is optimized by adopting a concise parallel
ViT-CNN structure, where base-details are processed separately but interact with
each other to facilitate producing the complementary information, making the feature
decomposition more effective.

* A new loss function combination is applied, i.e., the weighted sum of the recon-
struction loss and the fusion loss. The former takes into account detail recovery,
structural fidelity, and edge preservation. The latter utilizes a powerful unsupervised
evaluation function.

e The performance of our method has been evaluated on three datasets with five types
of multi-modal samples, and it demonstrates superior fusion performance to several
traditional and DL-based fusion algorithms.
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2. Related Works
2.1. The Traditional Fusion Methods

Image fusion has been extensively studied before the prevalence of DL. The traditional
fusion methods have used relevant mathematical transformations to manually analyze the
activity level and design fusion rules in the spatial or transform domain [10].

Spatial domain based fusion methods typically compute a weighted average of the
local or pixel-level saliency of the two source images to obtain a fused image. However,
these methods usually have problems in pseudo-color-image decomposition, i.e., the base
and detail images obtained after decomposition are in grayscale. To tackle this problem,
Du et al. [11] have come up with the Adaptive Two-scale Image Fusion (ATF) method,
which uses Otsu’s method [12,13] to decompose the pseudo-color input image into a base
image and a detailed image, thereby obtaining an adaptive threshold for two-scale image
fusion [14].

Transform domain-based fusion methods usually start by transforming the source
images into the transform domain (e.g., wavelet domain [15]) to obtain different frequency
components. For instance, Yin et al. [16] have proposed a medical image fusion method in
the Nonsubsampled Shearlet Transform (NSST) domain [17]. Firstly the high frequency
bands and low frequency bands are obtained by performing NSST decomposition of the
input image. Then, the high-frequency bands are fused by the PAPCNN model [18]. As
for the low-frequency bands, two new measures of activity level are introduced, namely
the Weighted Local Energy (WLE) and the Weighted Sum of Eight-neighborhood-based
Modified Laplacian (WSEML). WLE is utilized to address the issue of energy loss that arises
due to the average-based conventional low-frequency fusion rule, and WSEML is fully
employed to extract the detailed information present in the low-frequency band. The fused
high-frequency and low-frequency bands are passed through inverse NSST to generate the
final fused image. Besides, Li et al. [19] have proposed the Laplacian Redecomposition
(LRD) framework. Here, the source images are processed by Gradient-domain Image
Enhancement (GDIE) which is used for increasing the LRD ability of detail extraction
through mapping gradient information adaptively. Then, the enhanced image undergoes
Laplacian pyramid (LP) transform [20] to decompose it into the High-frequency Subband
Image (HSI) with edges and details and the Low-frequency Subband Image (LSI) with
background information. Through the pre-set fusion rules, image fusion is performed both
on HSI and LSI to generate the high and low-frequency components of the fused image,
respectively. Eventually, these components are subjected to inverse LP to produce the final
fused image.

2.2. The DL-Based Fusion Methods

At present, the two most commonly used models in image fusion are CNN and Trans-
former. However, due to the giant computational overhead, pure Transformer methods are
rare and CNN-Transformer hybrid networks are often used for image fusion.

2.2.1. The CNN Based Image Fusion

The most popular DL network in image processing is CNN. By training a CNN model,
it is capable of recognizing and extracting different features for image fusion. Usually, in a
CNN with multiple layers, each network layer produces several feature maps which are
calculated through convolution, spatial pooling, and non-linear activation [21]. Besides,
the CNN network can model the local area quite well by selecting an appropriate window
size. However, it needs to stack very deep CNN layers to meet the requirement of the
global perspective.

Some fusion methods usually contain CNN layers to extract multi-scale information.
For example, Zhang et al. [22] have come up with a general image fusion framework based
on a convolutional neural network (IFCNN). The most remarkable characteristic of this
model is that it is fully convolutional so that it can be trained in an end-to-end manner
without any post-processing procedures. To avoid the loss of fusion capabilities when
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training a single model for different scenes sequentially, Xu et al. [23] have presented a
unified unsupervised image fusion network, termed U2Fusion, to solve multiple-territory
fusion problems. In addition, some fusion methods which are initially proposed for
infrared-visible image fusion are also inspiring for MMIEFE. For example, Li and Wu have
proposed a DL architecture named DenseFuse [24] which consists of an encoder, a fusion
layer, and a decoder. To extract salient features from source images effectively, the encoder
is constructed with convolutional layers and dense blocks where the output of each layer
is used as the input of all the subsequent layers. This prevents excessive information
loss within the encoder. Li et al. have introduced an image fusion architecture, i.e.,
NestFuse [25], by developing a nest connection network and spatial/channel attention
models. To begin with, they use pooling-assisted convolution to extract the multi-scale
features. Then, several proposed spatial/channel attention models are utilized to fuse
these multi-scale deep features in each scale. Li et al. [26] have also proposed a residual
fusion network (RFN) based on a residual architecture to replace the traditional fusion
approach. The learning of model parameters is accomplished by a novel two-stage training
strategy. In the first stage, an auto-encoder network based on Nest connection is trained for
better feature extraction and image reconstruction ability. Next, the REN is trained using a
specially designed loss function for fusion.

2.2.2. The CNN-Transformer-Based Image Fusion

Another widely used paradigm is the Transformer [27]. As an architecture initially
proposed for natural language processing (NLP), the Transformer works by using stacked
layers of self-attention and feed-forward networks to deal with data sequences. In the field
of computer vision (CV), the Vision Transformer (ViT) [28] has been proposed to extend the
application of the attention mechanism. Its basic principle is to treat images as sequence
data and use self-attention mechanisms to capture their spatial and temporal information.
Firstly, the input images are divided into multiple patches (e.g., with the size of 16 x 16),
flattened and concatenated with positional encoding, and projected into the Transformer
encoder. Then, by calculating the correlation between embedded patches, attention weight
distribution is obtained to enable the model to focus on different positions in the image,
thereby facilitating better global information transmission.

Although the cascaded self-attention modules can capture global representations,
the ViT still cannot perform well in extracting the positional-encoded features with low
computational consumption. Hence, the idea of using the convolution operators to extract
local features and the self-attention mechanisms to capture global representations has been
presented. For the MMIF, Tang et al. [29] have proposed an adaptive Transformer to capture
long-range dependencies, which improves the global semantic extraction ability. They also
make use of adaptive convolution instead of vanilla convolution to modulate the convolu-
tional kernel automatically based on the wide-field context information. Zhang et al. [30]
have introduced the Transformer as the fusion block, and applied multi-scale CNN as
encoders and decoders. By interacting across fusion Transformers at multiple scales, the
global contextual information from different modalities is incorporated more effectively.
Zhou et al. [31] have proposed a novel architecture that combines a densely connected
high-resolution network (DHRNet) with a hybrid transformer. Specifically, the hybrid
transformer employs the fine-grained attention module to generate global features by
exploring long-range dependencies, while the DHRNet is responsible for local information
processing. Liu et al. [32] have used a CNN and Transformer module to build the extraction
network and the decoder network. Besides, they have designed a self-adaptive weighted
rule for image fusion.

3. Proposed Method

In this section, we present the architecture of CIRF and explain how each component
works. Then, we introduce the entire model workflow and the loss function.
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3.1. Framework of CIRF

Our CIRF consists of two parallel branches. The fusion branch adopts an encoder-
decoder architecture with feature decomposition, fusing the base and detail features sepa-
rately. The reconstruction branch, as a multi-task branch, assists in training a more powerful
encoder and contributes to the reduction in the overall loss. The two branches share one
common encoder so that ViT and CNN are parallel while the subsequent branch modules
are different, and they complete the reconstruction and fusion tasks, respectively. In each
epoch, the weighted summation of the reconstruction loss and the fusion loss is performed.

As shown in Figure 1, the framework of CIRF contains a Parallel Decomposition
Encoder (PDE), Decoupling Reconstruction Decoder (DRD), Base Fusion Block (BFB),
Detail Fusion Block (DFB), and Decoupling Fusion Decoder (DFD). In the following, these
modules will be referred to by abbreviation for simplicity and clarity.

E . —~ h d
a VIt e @f s i o
T m/o S ] H 1 m/o . 1
1 ; L : ! Restormer — T
. : CNN —— @7 E
Reconstruction : : fremnnoeeeene P
E E Decoupling Reconstruction Decoder(DRD)
Branch : , P~ ; : :
: ViT — ¢ E P~
Tm /0 : : : R, : m/o
2/ — % 7 : 3 estormer — T3 ... .
a CNN > ap s 5 T3
— S = PN i
Parallel Decomposition Encoder(PDE) : @ A A :
jeeeee - : i @ Concatenation operation;
: : Lmimmmmmm i
ViT ‘
Tlo : —~— | 7 i b
E CNN pscliisiontBlock BHE) E Decoupling Fusion Decoder(DFD)
Fusion : LiteTransformer >/ *# e '
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4 ViT Detail Fusion Block(DFB) | H Restormer :
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Figure 1. The brief workflow of the CIRF network. The architecture consists of two branches: the
reconstruction branch at the top and the fusion branch at the bottom. During training, both branches
are calculated simultaneously, and their total loss is added by an adjustable weight. However, in
model inference, only the fusion branch is retained.

Furthermore, to make narration easier, here we agree on some symbols.

*  We use 0 and m to distinguish original and masked images, e.g., T{ and T;".

—~

*  We use (-) to denote information extracted from masked inputs in the reconstruction
branch, e.g., (Df and 1/"{71

e Weuse B and D to abbreviate base and detail,  and f to abbreviate reconstruction and
fusion, e.g., ¢® and yP.

o The outputs of the encoder, two fusion blocks, and two decoders are represented by
E(-), Fy(+), Fa(+), Dr(-) and Dy (-), respectively.

28



Sensors 2024, 24, 3545

3.2. Fusion Branch
3.2.1. Overview

The fusion branch utilizes an encoder-fusion-decoder structure that involves feature
decomposition. It has four components: PDE, BFB, DFB and DFD.

The inputs of this branch are two batches of original multi-modal images T} and Ty.
These images are firstly decomposed into base and detail features through PDE, i.e., a
paralleled ViT-CNN encoder, formulated as:

@f, oF = E(TY) 1)

@F, 7 = E(T9) 2)

Then, two types of features are added for high-frequency and low-frequency infor-
mation fusion, respectively. For BFB, a Lite Transformer (LT) [33] module with long-short-
range attention is chosen. In essence, it is a Transformer that is assisted with the Gated
Linear Unit (GLU) and convolution block, and thus it is suitable for long-range information
fusion while taking into account the local details. For DFB, we have constructed the Resid-
ual Fusion CNN (RFCNN) which is a pure convolutional neural network with various
residuals so as to keep more detailed information. This process can be expressed as:

9P = £y (of +of) ®)

9P = Fy (o + o7) @

Finally, the outputs of fusion blocks are concatenated and sent into DFD (Restormer
module) [34] for image restoration until we obtain:

Tf = Dy (cat{lpB,lpD}) ®)

3.2.2. Parallel Decomposition Encoder

When it comes to traditional multi-modal medical image fusion (MMIF) methods,
there have been several strategies based on frequency decomposition, but most of them
are ineffective and time-consuming. In CDDFuse [8], a dual-branch Transformer-CNN
framework that performs cross-modal feature decomposition extraction through a shared
encoder is proposed and has obtained relatively good results. However, in the specific
scene of MMIF, given the low-resolution input images, the detail loss caused by CDDFuse
is more serious, thereby leading to contrast distortion and obvious artifacts. Inspired
by [35,36], we have developed a lite encoder that can retain detail representations and base
features to the maximum extent, whose framework is shown in Figure 2.

Here, the inputs of the network can be denoted as a four-dimensional matrix
[N, C, H, W], which represents the batch size, channel, height and width, respectively.
Generally, most medical images are single-channel gray-scale images. While processing an
RGB image, we first convert it into YUV space, where the Y channel contains gray-scale
information, and then fuse the Y channel with another gray-scale image separately. Finally,
we re-stitch the image with UV channels to restore a colored one [16]. Accordingly, after
data pre-processing, the input tensor can be unified as [N, 1, H, W].

In PDE, the input tensor is initially processed by a coarse feature extraction module
with large convolution kernels (e.g., 7 x 7) and pooling layers, and then it is sent to two
parallel branches comprising multi-head Transformer Block and CNN Block. Notably,
features input into the Transformer Block need to go through an extra convolution layer
before being reshaped into 8 x 8 patches [28]. By doing so, the number of feature channels is
increased and the size of the feature maps is reduced, which is more conducive to effective
and efficient feature extraction by attention layers. The number of heads in the self-attention
layer is set to 4, and the stack depth is set to 6 with a drop rate of 10%.
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Figure 2. The brief workflow of PDE. The overall architecture comprises two parallel branches for
feature decomposition, the ViT branch and the CNN branch, which are also connected with each other
to form information complementation. Here, the inputs are two modalities of single-channel gray-
scale images denoted as Ty, where k = 1,2. In the experiments, we fix N =4, H = W =256,C = 1.
Therefore, after data pre-processing, the input tensor dimension can be written as [4, 1,256, 256] while
the output tensor will be [4, 64,256,256]. The complementary process is illustrated by feature map
transformations shown at the top of the figure.

Subsequently, the ViT and CNN Blocks are repeatedly stacked for i times. Considering
the complementation of base and detail features [35], we have added information interac-
tion between the multi-head Transformer and CNN Block when i > 2, which contributes to
better preserving detailed texture features and protecting image edge contours. During
the transformation from detail feature maps (e.g., ¢P) to base ones (e.g., Cﬁrl, ), pooling,
flattening, and layer-normalization operations are applied. On the contrary, reshaping,
interpolation, and batch-normalization operations are adopted for transforming from base
feature maps to detail ones (e.g., from @’IB to CiDH). Experiments show that setting i = 2
is enough to obtain satisfactory outcomes and can help to limit network parameters to a
relatively small scale.

Eventually, through reshaping and trans-convolution, we can restore the feature maps
back to their original visible sizes. However, the extracted deep-layer information has
increased, which can be described as [N, 64, H, W|.

3.2.3. Base and Detail Fusion Block

For the MM], it is still important to pay close attention to the local features when
fusing the global information in BFB. Unfortunately, the traditional Transformer architecture
can be inefficient due to its large time and space consumption as well as computational
redundancy. To tackle this, a CNN-assisted lite Transformer which offers a trade-off
between the feed-forward computation for wider attention layers is applied [33]. Here, one
group of heads is responsible for the local context modeling via convolution, while the
other conducts long-distance relationship modeling via attention.

As for DFB, reducing information loss is the most urgent goal. Therefore, we should
not only improve the richness of information (i.e., improve the dynamic range of output
representation) but also prevent gradient explosion and model non-convergence. As
shown in Figure 3, a simple CNN cell (the yellow box) and a residual line (the yellow line)
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composed of convolution layers and batch normalization are first defined. Additionally,
between two CNN cells comes an Exponential Linear Unit (ELU) [37] activation function,
which is unilaterally saturated and outputs tensors with zero-mean distribution, thereby
speeding up training and accelerating convergence. Besides, we have utilized convolutional
residuals to link the output of the front module to the input of the rear module with a ReLU6
activation function [38] added after post-merger residuals. By doing so, the output is limited
to the maximum of 6, thereby preventing gradient explosion, benefiting gradient descent at
low precision, and improving decimal expression ability [39]. Under such an architecture
of detail feature fusion, detail fidelity will be ensured by continuous optimization.

@D

ELU ReLU6 ELU ReLU6 ELU ReLU6

CNN Cell Residual Connection

Conv Conv BN

Conv BN

Figure 3. The architecture of RFCNN. In this figure, the yellow box and the yellow line respectively
represent different CNN modules with a small kernel size of 3 x 3. Notably, the ELU and ReLU6
activation functions are specifically used to enhance expressivity and prevent gradient explosion. By
adding residuals, RFCNN can effectively accomplish detail-feature fusion tasks from &P to yP.

3.2.4. Decoupling Fusion Decoder

To restore noise-disturbed images, Zamir et al. have developed an efficient Trans-
former model [34] that can output high-resolution images in restoration tasks. This is also
used in [8] for fused image decoding. In this paper, we retain this module.

3.3. Reconstruction Branch

In REN-Nest [26], a two-stage training strategy has been presented for the first time.
By pre-training the network via reconstruction tasks, the quality of the fused image is
greatly improved, which also alleviates the challenge caused by the lack of gold standard
to some extent. However, two-stage training can cause error accumulation, raising a stage
time allocation problem, and resulting in redundant time overhead and low robustness.
Therefore, a multi-task network that couples the reconstruction branch and the fusion
branch with one common encoder is proposed. Here, the reconstruction branch aims at
training a more powerful feature extraction encoder. By paralleling the two stages, the total
loss of the task can better reflect model capability at any time.
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Besides, inspired by [40], we have figured out that in some cases (e.g., when given
low-quality source images), adding random image masks can enhance the expressivity of
the shared encoder. Hence, the encoding process can be characterized by:

of, @p = E(1)"°) ©)
o5, 0P = E(13°) 7)

Then, features derived from the same image are concatenated and fed into the shared
PDE that will be discarded later. Since the reconstruction branch mainly contributes to
the encoder, the Restormer module used in Section 3.2.4 is again selected here as DRD for
convenience. Here, it can be any simple decoding structure. The function of DRD can be
expressed as:

@ =D, (cat{d/)?,glb}) (8)
T/z’”% =D, (cat{@,@}) )

Here, it is worth mentioning that in the inference process, the reconstruction branch
will be cut off.

3.4. Loss Function

The workflow of the reconstruction branch is a supervised process with a given
ground truth (i.e., source images). Therefore, the reconstruction loss is composed of three
components: mean square error (MSE), structural similarity (SSIM) [41] and spatial gradient
loss (SG) [42,43]. For each source image k, the reconstruction loss L, can be calculated by:

Lyeck = Lmse (T;T/O,Tf> +a- Lssim (T,:”/o, T;?) +B-Lsc <T;:"/0,T;?),k =12 (10)

where «, B are adjustable weights; Lyse, Lssim, Lsg protect the local pixel information,
regional structure information, and edge contour information, respectively. Meanwhile,

the gradient loss can be described as Lsg = iy L || |VT,T/"| — VT
Furthermore, the total reconstruction loss is computed as:

Lossl = W (Lrec,l + LT’EC,Z) (11)

where y is a weight for numeral balance, i.e., adjusting the order of magnitude.

On the other hand, the fusion branch lacks ground truth, so the unsupervised loss
function should be able to effectively measure the intensity correlation and structural
information between the source and fused images. Inspired by [39], we choose mutual
information (MI), the sum of the correlations of differences (SCD) [44], structural similarity
(SSIM), and edge retentiveness (QAB/F) [45] as our four metrics that make up the fusion
loss function. Such a function can be described as:

Loss2 = A+ (Lui + Lscp) + (1= A) - (Lssim + Lganr ) (12)

where A is a hyper-parameter and Ly;, Lscp, Lssim, LQAB sr reflect the amount of common
information, the correlations of image differences, the similarity of luminance, contrast and
structure as well as the preservation of edge information, respectively. For each metric in
Equation (12), each loss is one minus the normalized average of each metric of the two
source images and the fused image.

As a whole, the total loss function is as follows:

Losssotqr = (1 —0) - Loss1 + o - Loss2 (13)
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where ¢ is also a hyper-parameter to balance our network’s preference for reconstruction
and fusion, which will be discussed later in the ablation study.

4. Experimental Settings

In this section, we discuss the settings of our dataset, the compared algorithms and
the metrics we have chosen to evaluate the algorithms.

4.1. Dataset

The Whole Brain Atlas (Atlas) [46], the IXI Brain Development Dataset (IXI) [47],
and the Retrospective Image Registration Evaluation (RIRE) [9] are used to evaluate our
algorithm. The Atlas dataset collected by Harvard Medical School includes CT, MR, PET,
and SPECT images from patients with various diseases. The IXI dataset collected by three
hospitals in London includes 3D MR images from 600 healthy test-takers, including T1-,
T2-, and PD-weighted images. The RIRE dataset collected by the National Institute of
Biomedical Imaging and Bioengineering includes CT, MR, and PET images.

In the Atlas dataset, we have acquired three groups of images, including 388 pairs of
SPECT-CT/MR images, 590 pairs of multi-modal MR (i.e., T1-T2) images, and 140 pairs
of CT-MR images. For multi-modal MR image pairs, we have randomly divided them
into training and testing sets in the ratio of 8:1. To increase the number of training images,
we have augmented the training set by performing rotations and mirroring operations on
the original images, resulting in six times the amount of data. The generated methods are
shown in Figure 4. SPECT-CT/MR and CT-MR images in the Atlas dataset are all retained
to test images for evaluating model generalization ability.

In the IXI and RIRE datasets, we have, respectively, acquired 3936 multi-modal MR
(i.e., PD-T2) image pairs and 476 CT-MR image pairs. We have used similar methods
to process the dataset, i.e., dividing them into training and testing sets in a ratio of 8:1.
Considering that the IXI images are enough for training and testing, we have only enhanced
the training set of the RIRE dataset. It is noteworthy that we have first registered the RIRE
dataset using the Elastix algorithm [48,49], and then used these registered image pairs to
produce training and testing sets. Specifically, the MR images and CT images are chosen as
the fixed and moving images, respectively, for registration. See Table 1.

() (b) ()

(d) (e) (f)

Figure 4. Visualization of training dataset flipping via a three-color-leaf example. (a) Original image;
(b) 90° counterclockwise rotation; (¢) 180° counterclockwise rotation; (d) 90° clockwise rotation;
(e) Left-right mirror symmetry; (f) Up-down mirror symmetry.
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Table 1. Details of the three datasets.

Datasets Image Pairs Training Testing
Multi-modal MR 2976 62
Atlas CT-MR - 140
SPECT-CT/MR - 388
IXI Multi-modal MR 3504 432
RIRE CT-MR 2538 53

4.2. The Comparison Algorithms

Our method will be compared with several traditional algorithms (i.e., PAPCNN [16],
TIF [11], and ReLP [19]) and DL-based algorithms (i.e., CDDFuse [8], DenseFuse [24],
IFCNN [22], NestFuse [25], U2Fusion [23], and REN-Nest [26]). For the traditional methods,
the fusion results are directly obtained by running the corresponding algorithm. For DL-
based methods, we have trained the U2Fusion on the datasets mentioned above. However,
for other methods, we have directly used the models trained by their corresponding authors
as these models are already sufficiently trained.

4.3. Fusion Metrics

We have used eight metrics to evaluate our algorithm. Standard deviation (SD)
measures the contrast of the fused image. Peak-signal-to-noise ratio (PSNR) measures the
effective signal intensity of the fused image. For the computation of PSNR, the two mean
square errors (MSE) between the source images and the fused image are first averaged to
produce the mean MSE. Then, the ratio of the square of the maximum pixel intensity to
the mean MSE is computed, and the logarithm (base 10) of the ratio is multiplied by 10
to produce the PSNR according to [50]. The sum of the correlations of differences (SCD)
measures distortion and loss of information of the fused image [44]. Mutual information
(MI) measures the amount of information from the original images that is captured in the
fused image. The structural similarity (SSIM) evaluates the structural similarity between
the fused image and the source image, the overall SSIM is calculated by directly averaging
the two SSIM values of the two source images and the fused image according to [51].
QAB/F evaluates the edge information from the original image [45]. The visual information
fidelity for fusion (VIFF) evaluates the quality of an image based on the calculation of
visual information fidelity [52]. The ratio of spatial frequency error (|rSFe|) evaluates the
ratio of spatial frequency error calculated from the source image referred to as SE. A value
of |rSFe| greater than zero indicates the introduction of noise during image fusion, while a
value less than zero indicates the loss of information [53]. In general, the closer the |rSFe|
is to 0, the better the fusion effect. However, larger values of other metrics indicate better
fusion performance.

5. Ablation Experiments

Our algorithm is realized using Python 3.10, Pytorch 2.0.1 on Ubuntu 22.04.3 LTS, and
CUDA 11.8. Meanwhile, it is run on a server with the Intel(R) Xeon(R) Gold 6248R CPU
(Intel, Santa Clara, CA, USA) and the NVIDIA RTX A100 with 40 G VRAM (NVIDIA, Santa
Clara, CA, USA). Additionally, we use the Adam optimizer to update the model parameters.

In the DL-based MMIF tasks, the loss function is extremely important. Here, our loss
function has two adjustable hyper-parameters, A (in Equation (12)) and ¢ (in Equation (13))
which will be determined subsequently. Moreover, we have also explored the impact of
inputting images with different masking ratios based on the considerations that in some
cases masking can enhance the feature extraction capability of PDE and reduce the fusion
artifacts. To obtain the optimal values for the above three parameters, we have conducted
ablation experiments on three datasets separately.
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5.1. Parameter Setting on Atlas Dataset

On the Atlas dataset, we have firstly fixed the values of parameters A and ¢ based on
our experience, and then found the best value for the masking ratio by increasing it with a
step size of 0.1. The results are shown in Table 2. Obviously, the value of MI reaches the
maximum when the masking ratio is 0.1, while the values of SCD and VIFF decrease with
the increase in the masking ratio. Besides, by setting the masking ratio to 0.1, we observe
fewer fusion artifacts in the fused results compared with those produced with the masking
ratio = 0. Taking all these into account, we will set the masking ratio = 0.

Table 2. The metric values of CIRF using different masking ratios (A = 0.3, ¢ = 0.2) in Atlas Dataset.

Ratio SD PSNR SCD MI SSIM QABIE VIFF |rSFe|
0 92.705 24.709 1.769 1.478 0.889 0.549 0.679 0.143
0.1 91.686 24.975 1.761 1.483 0.885 0.539 0.673 0.230
0.2 92.980 26.700 1.758 1.456 0.743 0.502 0.671 0.252
0.3 91.946 26.698 1.749 1.458 0.862 0.500 0.662 0.308
0.4 93.808 27.799 1.736 1.441 0.442 0.460 0.658 0.311
0.5 92.734 29.311 1.733 1.460 0.854 0.494 0.658 0.320

Next, to make the fusion branch achieve the best effect, we have fixed the masking
ratio at 0.1 and preset ¢ at 0.2 while altering the value of A. According to the metric values
in Table 3, we will choose A = 0.3 to achieve the trade-off among all evaluation indicators.

Table 3. The metric values of CIRF using different A (masking ratio = 0.1, ¢ = 0.2) in Atlas Dataset.

A SD PSNR SCD MI SSIM  QABIF VIFF |rSFe]
0.1 83.998  18.678 1.632 1.489 0.894 0.555 0.638 0.256
0.2 89.120  21.384 1.732 1.466 0.880 0.531 0.660 0.232
0.3 91.686 24975 1.761 1.483 0.885 0.539 0.673 0.230
0.4 94165  23.402 1.778 1.443 0.787 0.491 0.674 0.208
0.5 97.534  28.796 1.790 1.458 0.779 0.488 0.684 0.207
0.6 97.995  27.097 1.790 1.438 0.764 0.451 0.682 0.202

0.7 100.142 26.650 1.802 1.437 0.753 0.436 0.686 0.184
0.8 100.008 23.018 1.796 1.418 0.724 0.395 0.675 0.217
0.9 104.269 25.418 1.787 1.422 0.411 0.358 0.677 0.185

Furthermore, to balance the performance of the two model branches, another parame-
ter 0 needs to be determined. Thus, we have fixed the masking ratio and A at their optimal
value (i.e., masking ratio = 0.1 and A = 0.3), and changed the value of . As shown in
Table 4, when ¢ is set to 0.2, relatively high SCD, MI, SSIM, QAB/ F and VIFF values can
be obtained, so we choose ¢ = 0.2. Additionally, the comparison of the metrics when
o = 1.0 and ¢ = 0.2 clearly demonstrates the contribution of the reconstruction branch to
the PDE.

Table 4. The metric values of CIRF using different ¢ (masking ratio = 0.1, A = 0.3) in Atlas Dataset.

o SD PSNR SCD MI SSIM  QABIF VIFF |rSFe|
0.1 92,022  25.153 1.761 1.461 0.878 0.519 0.670 0.243
0.2 91.686  24.975 1.761 1.483 0.885 0.539 0.673 0.230
0.3 91.863  24.283 1.761 1.476 0.867 0.537 0.676 0.210
0.4 92272 23.768 1.768 1.466 0.806 0.523 0.675 0.223
0.5 92.088  24.461 1.762 1.473 0.782 0.534 0.674 0.210
0.6 91.952  26.342 1.758 1.493 0.887 0.544 0.673 0.218
0.7 90.754  23.280 1.751 1.490 0.884 0.536 0.670 0.227
0.8 94.179  27.839 1.767 1.465 0.846 0.529 0.677 0.217
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Table 4. Cont.

o SD PSNR SCD MI SSIM  QABIF VIFF |rSFe]
0.9 90.745  23.266 1.755 1.481 0.841 0.536 0.667 0.242
1.0 89.141  21.417 1.747 1.487 0.887 0.535 0.667 0.239

5.2. Parameter Setting on IXI Dataset

To ensure the rigor of the experiment and verify the robustness of our method, we
have further used two other datasets to compute the metric value with different masking
ratios, A and ¢. The results from using two different masking ratios are shown in Table 5.
Due to the high quality of source images of the IXI dataset (i.e., rich and clear details,
few artifacts), adding masking to the original images will not improve the fusion effect.
Therefore, we set the masking ratio to 0 to obtain the optimal results.

Table 5. The metric values of CIRF using different masking ratio (A = 0.3, ¢ = 0.2) in IXI Dataset.

Ratio SD PSNR SCD MI SSIM  QABIF VIFF |rSFe]
0 72361  39.814 1.872 2.347 0.744 0.740 0.981 0.047
0.1 72122 36.206 1.809 2.251 0.709 0.727 0.945 0.160

From the results using different A in Table 6, we can see that as A increases, PSNR
generally improves firstly but then experiences a decline. Moreover, with increasing A, SD,
SCD and VIFF also increase while Q#B/F decreases. Based on the above analysis, we will
set A = 0.3.

Table 6. The metric values of CIRF using different A (masking ratio = 0, ¢ = 0.2) in IXI Dataset.

A SD PSNR SCD MI SSIM  QABIF VIFF |rSFe]
0.1 66.062  28.838 1.738 2.336 0.798 0.761 0.906 0.100
0.2 71483  36.240 1.844 2.393 0.832 0.738 0.949 0.063
0.3 72361  39.814 1.872 2.347 0.744 0.740 0.981 0.047
0.4 76.164  35.067 1.890 2.287 0.730 0.717 1.004 0.030
0.5 75.549  38.379 1.888 2.341 0.702 0.718 1.028 0.034
0.6 74979  35.110 1.878 2.325 0.742 0.697 0.990 0.029
0.7 75.190  30.003 1.907 2.213 0.657 0.693 1.047 0.052
0.8 79.857  31.399 1.895 2.214 0.689 0.659 1.048 0.058
0.9 79.347  29.511 1.904 2177 0.634 0.643 1.088 0.114

From the results using different ¢ in Table 7, we can see that all metrics have no obvious
changes but minor fluctuations. However, as ¢ increases, PSNR, MI, SSIM and QAB/ F
reach their maximum when ¢ = 0.2 while other metrics are also competitive. Accordingly,
we will fix o = 0.2.

Table 7. The metric values of CIRF using different ¢ (masking ratio = 0.1, A = 0.3) in IXI Dataset.

o SD PSNR SCD MI SSIM  QABIF VIFF |rSFe]
0.1 72160  34.644 1.889 2336 0.730 0.733 1.004 0.033
0.2 72361  39.814 1.872 2.347 0.744 0.740 0.981 0.047
0.3 70964  32.695 1.870 2.315 0.734 0.735 0.970 0.033
0.4 72.028  30.786 1.876 2.223 0.683 0.728 0.993 0.033
0.5 70.364  31.237 1.854 2278 0.715 0.731 0.974 0.040
0.6 72816  33.506 1.881 2.288 0.713 0.735 0.991 0.036
0.7 73270  33.861 1.877 2.269 0.710 0.728 0.990 0.032
0.8 72297  29.842 1.873 2221 0.680 0.733 0.978 0.044
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Table 7. Cont.

o SD PSNR SCD MI SSIM  QABIF VIFF |rSFe]
0.9 69.995  28.954 1.847 2.213 0.671 0.732 0.955 0.056
1.0 73257  33.528 1.878 2272 0.694 0.728 0.993 0.031

5.3. Parameter Setting on RIRE Dataset

As for the RIRE dataset, we have computed the metrics using different masking ratios.
Table 8 indicates that by inputting non-masked source images, our method works best.

Table 8. The metric values of CIRF using different masking ratios (A = 0.3, ¢ = 0.2) in RIRE Dataset.

Ratio SD PSNR SCD MI SSIM QABIE VIFF |rSFe|
0 72.361 39.814 1.872 2.347 0.744 0.740 0.981 0.047
0.1 72.122 36.206 1.809 2.251 0.709 0.727 0.945 0.160

From the results of A in Table 9, it can be seen that the value of SD reaches the
maximum and the value of |rSFe| reaches the minimum when A is equal to 0.3. Meanwhile,
the values of PSNR, MI, and Q“B/F are also relatively high with A = 0.3. Based on
comprehensive consideration, we fix A = 0.3.

Table 9. The metric values of CIRF using different A (masking ratio = 0.1, ¢ = 0.2) in RIRE Dataset.

A SD PSNR SCD MI SSIM  QABIF VIFF |rSFe]
0.1 62308  15.467 1.709 1.462 0.474 0.574 0.593 0.177
0.2 67.920  16.578 1.838 1.466 0.656 0.562 0.627 0.189
0.3 79.581  18.465 1.862 1.514 0.468 0.560 0.630 0.147
0.4 71.692 18962 1.887 1.485 0.409 0.541 0.649 0.205
0.5 73452  17.282 1.909 1.485 0.656 0.519 0.648 0.223
0.6 77.384  18.085 1.921 1.518 0.668 0.505 0.664 0.215
0.7 74.868 16913 1.921 1.462 0.619 0.488 0.644 0.239
0.8 74641  16.254 1.916 1.446 0.591 0.452 0.631 0.242
0.9 78.625  17.103 1.918 1.456 0.613 0.415 0.649 0.258

The results from using different ¢ in Table 10 show that when ¢ equals 0.4, SSIM
reaches the maximum while SCD, MI, Q“B/F and VIFF achieve relatively high values.
Therefore, we choose ¢ = 0.4.

Table 10. The metric values of CIRF using different ¢ (masking ratio = 0.1, A = 0.3) in RIRE Dataset.

o SD PSNR SCD MI SSIM  QABIF VIFF |rSFe]
0.1 71200  17.396 1.888 1.491 0.680 0.551 0.638 0.206
0.2 73346  19.670 1.897 1.489 0.403 0.552 0.653 0.173
0.3 68.477  16.624 1.863 1.477 0.651 0.548 0.614 0.226
0.4 71.697 18221 1.885 1.544 0.706 0.552 0.637 0.186
0.5 70296  18.061 1.878 1.542 0.624 0.552 0.632 0.186
0.6 69.733  19.324 1.871 1.539 0.429 0.557 0.628 0.215
0.7 72.654 18500 1.894 1.552 0.691 0.552 0.644 0.217
0.8 69.656  16.727 1.873 1.469 0.650 0.555 0.628 0.201
0.9 68291  16.391 1.856 1.469 0.652 0.550 0.616 0.217
1.0 69.401  16.830 1.870 1.483 0.659 0.558 0.629 0.197
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After testing on three datasets, we have found that our algorithm performs best when
the parameter A is set to 0.3. However, the optimal values of masking ratio and ¢ vary with
the characteristics of different images.

6. Qualitative Analysis
6.1. The Results of the Atlas Dataset

For the CT-MR and SPECT-CT/MR image pairs from the Atlas dataset, we have not
trained a specific CIRF on them but directly used the model trained on T1-T2 image pairs.

The fusion results of multi-modal MR (i.e., T1 and T2) image pairs from the Atlas
dataset are shown in Figure 5. Generally, except for TIF, CDDFuse and CIRF, the brightness
and intensity of all other algorithms are insufficient. Specifically, from the areas marked by
the red boxes, the upper parts of the brainstem are blurred or missing in the fused results of
U2Fusion, DenseFuse, RFN-Nest, PAPCNN, ReLP and CDDFuse. Additionally, as labeled
by the green boxes, except for CDDFuse and CIREF, all other methods produce blurry and
incomplete boundaries of the occipital lobe. By comparison, the CIRF algorithm performs
better than other algorithms in terms of edge preservation.

The fusion results of the CT-MR image pairs are shown in Figure 6. Clearly, ReLP, TIF
and CIRF outperform other methods in preserving the white cranium cross-section from the
CT image. From the green boxes and the yellow arrows, we can clearly observe that only
U2Fusion, DenseFuse and CIRF can simultaneously preserve low-intensity information
and retain crucial information from the CT image. However, CIRF produces the fused result
with higher contrast than U2Fusion and DenseFuse. The fused results marked with the red
boxes show that CIRF can preserve the details from MR images better than other methods.
Therefore, it is evident that CIRF simultaneously retains the features derived from both CT
and MR images, which indicates its strong feature extraction and fusion capability.

The fusion results of SPECT-CT/MR image pairs are shown in Figure 7. As indicated
by the red boxes, U2Fusion, DenseFuse and RFN-Nest cannot maintain the sharpness of
details from MR image, and IFCNN, PAPCNN and TIF produce the unwanted ringing
artifacts. As shown by the green boxes, NestFuse, ReLP and CDDFuse reduce the contrast
of the details from the SPECT image. By comparison, CIRF can not only avoid undesirable
artifacts but also preserve the important details from MR and SPECT images effectively.
These results also indicate that CIRF has a good generalization ability when applied to
different datasets.

6.2. The Results of the IXI Dataset

For the multi-modal MR image pairs in the IXI dataset, the results are shown in
Figure 8. From the fusion results marked by the red boxes, we can see that TIF damages
the low-intensity information seriously, and ReLP causes the loss of some low gray-scale
detail information in that the contour of the ventricular boundary is missing in Figure 8(b7).
Compared with U2Fusion, DenseFuse and CDDFuse, CIRF maintains the continuity of the
gray line in the green box, which indicates that CIRF can preserve the fine edges better.

6.3. The Results of the RIRE Dataset

For the CT-MR image pairs from the RIRE dataset, the results are shown in Figure 9. It
is evident that CIRF produces clearer image details, higher image contrast, and less loss
of original information. However, U2Fusion, DenseFuse and RFN-Nest fail to effectively
fuse the bright cranium from the CT image as depicted by the green arrows. As shown by
the yellow arrows, IFCNN, NestFuse, PAPCNN, ReLP and CDDFuse fail to retain the low-
intensity areas in the MR image, and TIF produces blocky artifacts. Besides, NestFuse and
CDDFuse result in a serious loss of structural information as pointed out by the red arrows.
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(b8) (b9) (b10)

Figure 5. The results of all algorithms on the multi-modal image pairs from Atlas dataset. (al) Source
T1 image; (a2) Source T2 image; (b1) U2Fusion; (b2) DenseFuse; (b3) IFCNN; (b4) NestFuse; (b5) RFN-
Nest; (b6) PAPCNN; (b7) ReLP; (b8) TIF; (b9) CDDFuse; (b10) CIRF.
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(b8)

Figure 6. The results of all algorithms on the CT-MR image pairs from Atlas dataset. (al) Source
CT image; (a2) Source MR image; (b1) U2Fusion; (b2) DenseFuse; (b3) IFCNN; (b4) NestFuse;
(b5) REN-Nest; (b6) PAPCNN; (b7) ReLP; (b8) TIF; (b9) CDDFuse; (b10) CIRE.
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(b8) (b9) (b10)

Figure 7. The results of all algorithms on the SPECT-CT/MR image pairs from Atlas dataset.
(a1) Source CT/MR image; (a2) Source SPECT image; (b1) U2Fusion; (b2) DenseFuse; (b3) IFCNN;
(b4) NestFuse; (b5) RFN-Nest; (b6) PAPCNN; (b7) ReLP; (b8) TIF; (b9) CDDFuse; (b10) CIRF.
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Figure 8. The results of all algorithms on the multi-modal MR image pairs from IXI dataset.
(al) Source PD image; (a2) Source T2 image; (b1) U2Fusion; (b2) DenseFuse; (b3) IFCNN; (b4) Nest-

Fuse; (b5) REN-Nest; (b6) PAPCNN;; (b7) ReLP; (b8) TIF; (b9) CDDFuse; (b10) CIRF.
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(b8) (b9) (b10)

Figure 9. The results of all algorithms on the CT-MR image pairs from RIRE dataset. (al) Source
CT image; (a2) Source MR image; (b1) U2Fusion; (b2) DenseFuse; (b3) IFCNN; (b4) NestFuse;
(b5) REN-Nest; (b6) PAPCNN; (b7) ReLP; (b8) TIF; (b9) CDDFuse; (b10) CIRF.

7. Quantitative Evaluation

To quantitatively evaluate the fusion performance datasets, we have computed eight
metrics of ten algorithms on three datasets. Table 11 lists the mean and deviation of each
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algorithm’s values across all datasets, where the deviation refers to the dispersion of all
values of each metric from their mean [39].

Table 11. The results of all computed algorithms on three datasets.

Methods SD PSNR SCD MI SSIM QABIE VIFF |rSFe|
CIRF 83.566 + 11.21 25.520 + 1429 1.817+0.06 1.628+0.72 0.769+0.30 0.585+0.16 0.683+0.30 0.179 +0.13
CDDFuse 71.144 £20.81 158741047 1412+0.35 1.806+0.61 0.837+025 0.631+0.14 0.593+0.32 0.153+0.12
U2Fusion  57.930 £27.62 3913311 1278 +0.13 1677059 0.718+0.31 0488030 0.507+023 0.389+0.21
DenseFuse 53.216 +9.05  3.313+3.27 1339+0.10 1.891+0.60 0.772+0.12 0.485+0.32 0499 +0.24 0.423 +0.23
IFCNN  61.115+1542 7.147+589 1363+0.12 1.698+0.61 0.857+0.08 0.617+0.19 0.565+0.26 0.146 +0.29
NestFuse  66.902 +10.90 14.424 £8.09 1.480+0.11 1.955+0.68 0.857£0.17 0.630+0.16 0.599 +0.25 0.1800.16
RFN-Nest 63.489 +10.25 8350+7.44 1558+020 1.625+0.53 0.700+0.30 0.424+0.26 0550026 0.479 +0.24
PAPCNN  66.375+19.16 12.104+874 1407 +0.14 1588+0.89 0.776+0.14 0.542+025 0543031 0.251+0.35
ReLP 70915+ 1698 19.235+8.04 1.338+023 1.827+0.81 0.869+0.05 0.603+0.14 0589 +0.21 0.157 +0.08
TIF 84.423 +19.47 43.666 £24.94 1.708+028 1.796+0.58 0.781+0.08 0.524+0.13 0.672+0.37 0.1650.11

As can be seen from Table 11, CIRF has significant advantages over all other algorithms
in terms of SD, PSNR, VIFF and SCD. Meanwhile, CIRF can provide relatively close
QAB/F and |rSFe| to CDDFuse.

Figure 10 shows the values of eight metrics for various algorithms on five kinds of
multi-modal image pairs in three datasets. Overall, CIRF outperforms all other algorithms
in terms of SCD and its VIFF achieves the highest value across the datasets except for IXI
and RIRE. In addition, CIRF is only outperformed by TIF in PSNR and SD. Furthermore,
CIRF achieves the most competitive |rSFe| on the IXI dataset, and provides comparable
|rSFe| to CDDFuse on other datasets.
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Figure 10. The results of eight metrics of all computed algorithms (a) SD; (b) PSNR; (¢) SCD; (d) MI;
(e) SSIM; (f) QAB/F; (g) VIFF; (h) |rSFe|.
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8. Conclusions

This paper has come up with a coupled reconstruction and fusion network for multi-
modal medical image fusion. On the one hand, this architecture parallels the reconstruction
branch and the fusion branch which are linked by a shared encoder, thereby reducing error
accumulation and improving the network’s feature extraction ability by multi-task learning.
On the other hand, we have further constructed a feature decomposition network using
parallel ViT and CNN modules to fuse base and detail features separately, while adding
complementary links of high/low frequency information.

Experiments on three datasets demonstrate that our methods perform better than
several typical traditional and DL-based image fusion algorithms in terms of eight fusion
metrics and qualitative evaluations. Specifically, on multi-modal MR image fusion, our
method produces fused images with excellent retention of bright details and smooth edge
transition. For CT-MR image fusion, CIRF provides higher image contrast and better
preservation of detail features from the original images. On SPECT-CT/MR image fusion,
the fused images generated by CIRF are smoother while still retaining significant edge
information. Furthermore, our method also exhibits strong generalization capability. In the
future, we hope to extend our method to 3D medical image fusion.
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Abstract: Acoustic trap, using ultrasound interference to ensnare bioparticles, has emerged as a ver-
satile tool for life sciences due to its non-invasive nature. Bolstered by magnetic resonance imaging’s
advances in sensing acoustic interference and tracking drug carriers (e.g., microbubble), acoustic trap
holds promise for increasing MRI-guided microbubbles (MBs) accumulation in target microvessels,
improving drug carrier concentration. However, accurate trap generation remains challenging due to
complex ultrasound propagation in tissues. Moreover, the MBs’ short lifetime demands high computa-
tion efficiency for trap position adjustments based on real-time MRI-guided carrier monitoring. To this
end, we propose a machine learning-based model to modulate the transducer array. Our model deliv-
ers accurate prediction of both time-of-flight (ToF) and pressure amplitude, achieving low average pre-
diction errors for ToF (—0.45 us to 0.67 ps, with only a few isolated outliers) and amplitude (—0.34% to
1.75%). Compared with the existing methods, our model enables rapid prediction (<10 ms), achieving
a four-order of magnitude improvement in computational efficiency. Validation results based on differ-
ent transducer sizes and penetration depths support the model’s adaptability and potential for future
ultrasound treatments.

Keywords: acoustic trap; microbubble (MB); machine learning; magnetic resonance imaging (MRI);
heterogeneous media

1. Introduction

Harnessing acoustic interference within the human body, ultrasound has expanded its
applications beyond diagnostic imaging to therapy. Focused ultrasound (FUS) is a typical
non-invasive treatment that relies on acoustic interference to generate a focal spot, success-
fully inducing evident temperature rise for thermal ablation inside organs [1], such as the
brain [2], liver [3], and uterus [4]. It can also vibrate target tissues to stimulate mechanical
effects in non-thermal applications, among which FUS-mediated blood-brain barrier open-
ing has advanced to clinical Phase II [5]. In addition, inspired by optical tweezers, FUS has
also been employed to capture microparticles [6]. This phenomenon arises from the acous-
tic radiation force (ARF) exerted by the focused ultrasound waves, which creates a stable
aggregate at the focal spot [6]. Apart from enabling waves to be focused at a point, acous-
tic interference can form a “well”-shaped acoustic pressure zone [7,8]. Within the zone,
exterior high pressure is converged towards the interior with the lowest amplitude [9,10].
This pressure gradient results in ARF, such that this zone can highly localize solid objects
with a diameter of sub-wavelength (<A) [11], e.g., cells (J1 um-30 um [12,13]) and bacteria
cluster (J45.6 pm—-228 pm [14]). Therefore, both the focal beam and “well”-shaped pres-
sure zone are generally referred to as “acoustic trap” [7,9,10]. In the latest decade, some
laboratory investigations have showcased ARF is sufficient to withstand object trapping
against the low-velocity (e.g., 2.5 mm/s) flow in water tanks [11,15]. More recently, the
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trap successfully located MBs and thereby increased its aggregation in mouse capillaries,
showing its applicability for in vivo applications [16]. Accredited to these aforementioned
advances, the acoustic trap deserves further exploration for the treatment of vascular-rich
solid tumors, e.g., hepatocellular carcinoma (HCC) [11,15]. In current preclinical practice,
the FDA-approved ultrasound-mediated MBs ((J1-10 um [16]) successfully increased local
anti-tumor drug (e.g., Doxil) accumulation because the induced microbubble oscillation
increases permeation of membranes and enhances drug diffusivity [17,18]. However, the
drag forces generated by high-velocity pulsatile (1-4 cm/s [16]) in feeding microvessels
limit the MB retention time, leading to heavy drug leakage and reduced absorption [16].
Although optical tweezer [19-21], dielectrophoresis [22], and electrokinetic tweezer [23]
have achieved contactless trapping of biomolecules, optical beams are unsuitable for use
in opaque medium, and the current of electrokinetic tweezer and dielectrophoresis can
induce heating, thereby affecting cell physiology [16]. By contrast, ultrasound waves can
penetrate thick tissues and possess excellent biocompatibility [24]. Therefore, the feasibility
of acoustic trap generation within human organs, potentially prolonging the retention of
MBs in counterflow [16], is highly desired.

This envisioned medical potential of acoustic trapping is tightly bound to the capabil-
ity of tracking carriers and sensing ultrasound interference. It not only provides spatial
guidance for payload release but also monitors if the trapping beams are maintained on
the target zone (Figure 1a) [18]. Currently, magnetic resonance imaging (MRI) has enabled
real-time carrier tracking in in vivo trials attributed to magnetic resonance (MR) image-
able materials [25]. Apart from carrier tracking, MRI can sense ultrasound interference
by measuring resulting temperature changes or tissue displacements [26]. Specifically,
MR thermometry has achieved real-time heat deposition monitor to sense focal spots in
FUS [26,27]. Recently, MR acoustic radiation force imaging (MR-ARFI) emerged as an
alternative to MR thermometry, addressing imaging accuracy degradation in tumors sur-
rounded by fat via detecting micro-scale tissue displacement (Figure 1b) [28-30]. These
advances show that MRI-guided MB tracking and trap sensing are becoming immensely
promising for medical scenarios. Nevertheless, the accurate and rapid trap generation at
the target remains a formidable challenge, as the heterogeneous tissues complicate the
computation of beam propagation [31]. Specifically, as shown in Figure 1a, ultrasound
undergoes numerous refractions between tissue layers (e.g., fat, muscle, and bone) with
varying thicknesses, resulting in a highly curved propagation pathway within the body.
Then, considering that each pathway has its unique pressure attenuation coefficient, the
beams emitted by multiple transducers exhibit a non-uniform wavefront when arriving at
the target. This would weaken the intensity profiles of acoustic traps. Moreover, variations
in body tissue structure would induce phase distortion to the propagating waves, thus
decreasing the computation accuracy. Furthermore, the computational efficiency becomes
an aggravated challenge when fine adjustment to trap position is required to target a more
suitable MB seeding site or microvessel, relying on the MRI-guided MB monitor. The
short circulation lifetime of most MBs (typically 3-5 min [32]) underscores the urgency of
generating a new trap before MBs rupture.

Tracing back the progress in trap generation, researchers primarily focused on hard-
ware and algorithm design. For hardware, the single-side phased array is increasingly
favored [33,34]. Compared to the dual-sided [35,36], closed [37,38], or spiral [39] array
arrangement, it eliminates spatial constraint so as to fit the parts of the body [33]. Assisted
by cumbersome mechanical actuation, the system can relocate the trap in two dimensions
(2D) or three dimensions (3D). Yet, such an approach offers restricted dexterity for fine-
tuning trap positions [34,35]. Then, a few algorithms for electronically steering elements’
phase and amplitude have been developed, permitting the generation of dynamic traps
without mechanical actuation [10,14]. Phase is the most critical variable, determining the
trap generation and its position [10]. Amplitude attenuates during propagation due to
absorption, refraction, etc., influencing the trap’s acoustic intensity profiles [15]. Among the
existing algorithms, only three, namely, iterative backpropagation (IB), time reversal-based
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method (TRM), and holographic acoustic element framework (HAEF), have been applied in
heterogeneous media [10,14,40]. IB, introduced in 2019 [41], only enabled trap generation
in a mouse’s skin-fold chamber model (tissue thickness: <1 mm) and cannot solve the
complicated acoustic field [14,42]. Its application to thick tissues, phantoms, or the human
body remains unachieved. In contrast, TRM has been repeatedly used in large-volume
tissues [43]. It converts phase calculation into computing the beam’s propagating time be-
tween elements and target in the time domain, termed time-of-flight (ToF). Owing to TRM's
inherent capability of correcting phase distortion, it can achieve accurate solutions. More-
over, TRM can compute the amplitudes, thus allowing the algorithms to steer elements’
emission pressure to correct the non-uniform wavefront. However, TRM primarily relies
on numerical computation and still has low efficiency for ToF and amplitude computation.
For instance, Yang et al. used the k-Wave toolbox to compute ToF as beams traversed
through a macaque skull (65 mm x 68 mm x 38 mm) [43]. This method usually costs an
excessive computational expense (e.g., tens of minutes for per target). Regarding HAEF,
it diversifies the types of traps for enhanced maneuverability [40], such as twin, vortex,
and bottle traps [10], beyond the conventional focal beam created by IB and TRM. To date,
HAEF's iterative phase computation is quite time-consuming and faces challenges in math-
ematically converging [42]. Additionally, the tissues inevitably induce phase distortion to
the beams and weaken the accuracy of phase computation. To seek precision, Cao et al.
positioned a hydrophone at the target for phase calibration and produced a twin trap after
waves passed through a porcine rib [40], but this device is not suitable for non-invasive
treatments. Worse yet, HAEF does not compute the pressure amplitude, which means
it cannot correct the non-uniform wavefront. Thereby, the weakened acoustic intensity
profiles in tissues cannot be improved by amplitude modulation (AM) [44]. To sum up,
these methods still present substantial limitations for medical potential.

To advance the medical potential of acoustic traps for increasing MRI-guided MB
accumulation, we propose a future-proof technique that leverages machine learning to
deliver trap generation in heterogeneous media. As shown in Figure 1c, the acoustic trap
located at the predefined microvessel will accumulate the MBs and counteract the blood
pulsatile, thereby potentially prolonging the retention time of MBs. The 2D segmented
MR slices contain various tissue materials, such as skin, fat, muscle, liver, and bone, acting
as heterogeneous media (Figure 1d). Considering the computation inefficiency of both
TRM and HAEF, machine learning is expected to rapidly predict key parameters of beam
propagation. Recently, a learning-based model has validated its efficacy and efficiency
(~200 ms) for holographical phase modulation (PM) in a single medium [42]. To date,
learning-based PM in heterogeneous media has not been studied before. Therefore, the
proposed learning-based model is designed to predict beams’” ToF and amplitude in 2D
heterogeneous media, accommodating multiple trap types (e.g., focal beam and twin
trap). The predicted amplitude will be applied to modulate elements” emission pressure,
thereby correcting the non-uniform wavefront. To this end, two artificial neural networks
(ANN) are used to create the inverse mapping from the given trap position to elements’
actuation signals (i.e., ToF and amplitude, respectively). These two ANNSs can achieve high
computation efficiency (<10 ms per target) much faster than the existing methods (e.g.,
TRM). Presently, as a pioneering work on learning-empowered trap generation, we collect
the training dataset via 2D finite element (FE) modeling. The key work contributions are
differentiated as follows:

(1) Development of the first machine learning-empowered model to facilitate the genera-
tion of acoustic traps in 2D heterogeneous media. This approach delivers accurate
generation of multiple types of traps (e.g., focal beam and twin trap).

(2) High computation efficiency for enabling rapid phase-amplitude (PA) modulation on
transducer array. The model can predict time-of-flight (ToF) and pressure amplitude
within 10 ms to modulate all elements, which is significantly faster (four orders of
magnitude) than the existing method (e.g., TRM).
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(3) FE-based validations on the prediction performance using MR images, based on three
factors, i.e., sample density, element diameters, and penetration depths, supporting
our model’s potential for medical applications. FE modeling further demonstrates the
capacity of twin traps for trapping microbubbles (negative acoustic contrast factor).
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Figure 1. Overview of trapping drug carriers using acoustic trapping. (a) Acoustic trap genera-
tion within human liver using phased array. MR-compatible robotic manipulator (Image source
#1) [27] positions the array towards the liver. The emitted beams pass through tissues (e.g., skin,
fat, muscle, and ribs) to generate a trap at the given target zone. MBs are injected via radial artery
of the forearm [45]. (b) Example of focal spot visualization in ex vivo porcine kidney via MR-ARFI
(Image source #2 [29]). (c) Close-up illustration of MB accumulation in a microvessel due to acoustic
trapping. Two finger-like high-pressure (warmer color) regions locate MBs around the tumor cells.
(d) Segmentation of MR T2 image for FE modeling in both data acquisition and performance val-
idation process. Letters “A” and “P” in black color indicate the anterior and posterior abdominal
walls, respectively.

2. Materials and Methods

This section details the learning-based method dedicated to acoustic trap generation.
We provide comprehensive information for model architecture, dataset collection, model
training, and validation. To facilitate the reproducibility of our work, all designed files are
accessible on the GitHub repository (https://github.com/mengjwu/acoustictrap, accessed
on 6 September 2024), such as FE modeling files, MR anatomy models, and Python codes.

2.1. Learning-Based Trap Generation Model

An acoustic trap is expected to be formed at a predefined target position; therefore, el-
ements’ actuation signals, i.e., phase and amplitude, will have to be modulated rapidly and
accurately. By TRM, the phase can be directly converted from ToF (Equations (3) and (4)).
Thus, the proposed learning-based model aims to create the inverse mapping from the pre-
scribed trap position to ToF and amplitude. As shown in Figure 2, the trap position and the
elements’ position are the input variables, denoted as P € RZand P € R?", respectively,
where 1 is the element number. Two ANNs with n output nodes were designed to predict
ToF (T € R")and amplitude (A € RR"), respectively. Note that they feature different node
layouts in hidden layers. Five hidden layers’ node numbers are denoted as N1, Ny, ..., N.

Upon finalizing the prediction, phase-amplitude modulation to the phased array
was performed as illustrated in step 2. T was used for computing the focal beam’s phase
patterns H € R" (Equation (3)), and A was for computing the amplitude pattern W € R”
(Equation (5)). Specifically, a time reversal process was conducted in PM, which con-
verts ToF to phase for generating the phase patterns (H) of focal beam [11,43]. Following
HAEEF [10], H acts as an acoustic lens that focuses beams at target, functioning as the
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“single-beam trap” to ensnare objects [6,14]. Then, by adding a fixed holographic signature,
the focal beam can be transformed into diverse acoustic structures, e.g., vortex, bottle,
and twin [10]. For twin trap, the signature (i.e., m-phase difference) can be interpreted as
a phase shift of +71/2 and —n/2, and they are added to the left and right half of array,
respectively, yielding phase patterns of the twin trap (Equation (4)), denoted asM € R".
Due to the different attenuation levels across all transmission pathways, the wavefront
arriving at the target cannot remain uniform. As a result, the acoustic intensity profiles
become weakened, such as the lower focusing quality in single-beam trap. Therefore,
we introduced the amplitude patterns W, consisting of #n coefficients, to modulate ele-
ment’s emission pressure, aiming to recreate a uniform wavefront and optimize the trap’s
intensity profiles.

Workflow of generating acoustic trap based on ANN

Step 1: Model architecture for predicting ToF and amplitude

Input layer Hidden layer Output layer Hidden layers for ToF

Nl N2 N3 N4 N5
P @ @ @ @(TgF) T

(trap position in 2D) @ 20 70 120 70 20

............................ @ @ @ Hidden layers for amplitude

V4 @ 2 or A N 1 N 2 N 3 N4 N. 5
elements 11.20) @ @ @ (amplitude) | prediction (i.e., T and A)

Step 2: Phase-amplitude modulation to generate a twin trap
Amplitude modulation (AM) Phase modulation (PM)
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Figure 2. ANN-based workflow for acoustic trap generation. Step 1 illustrates the architecture of a
learning-based model for predicting ToF or amplitude. The variable 7 is the element number. The
proposed two ANNSs have 2n + 2 input variables, five hidden layers and » outputs but diverge in
hidden layers” node layout (i.e., N1, Ny, ..., N5) for T and A prediction. Step 2 depicts the phase—
amplitude modulation process applied to 1 elements (ey, ey, ..., e,), including phase modulation
(PA) and amplitude modulation (AM). Circles’ radii are proportional to the element’s emission
pressure, and the grey scale of elements represents the phase pattern. A blue-red color bar is used to
characterize the normalized pressure (NP) across all acoustic fields.

2.2. FE-Based Dataset Collection

To train the proposed trapping modulation model, dataset will have to be collected,
consisting of the target positions, elements’” positions, ToF, and amplitude. ToF and am-
plitude were computed using Pressure Acoustics, Transient module from COMSOL Mul-
tiphysics. FE-based experiments have demonstrated considerable accuracy for acoustic
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trapping, affirming its reliability as a ground truth [46]. To ensure our simulation accu-
racy, the maximum mesh size was set at 1/8 wavelength [47]. The data collection was
conducted based on the time reversal principle, as it can correct the phase and amplitude
distortion [44]. The detailed steps were as follows: (1) A point (JA/20) was positioned at
the target to emit waves, implying that each sample point represents a sound source, as
shown in Figure 3a; (2) Elements acted as receivers to capture ToF and amplitudes from
their received signals. Given the reciprocity of the beam transmission pathway, elements
retransmit waveforms in the time-reversed order of ToF, allowing these waveforms to be
refocused at the position of initial sound source [43].
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Figure 3. Overview of FE-based data collection process. (a) Planning of array position and workspace
for data collection. An MR T2 image (330 mm x 240 mm) was segmented to build a 2D geometry
model for FE modeling. Boundaries I; and I3 outlined the workspace, and these samples were
distributed around the vessel with a spacing of d. (b) Pressure attenuation in relation to spread
angle (20). At the critical angle of o = 24.2°, the pressure attenuates by half (—6 dB) over the same
propagating distance r. (c) Simulated acoustic field in COMSOL. Eight elements acted as receivers to
capture wave signals from one representative sound source S* (d) Signal emitted by sound source S*
and received signals by the array. (e) Close-up illustration of the received wave signals. Eight peak
amplitudes and their timestamps denote, respectively, A and T.

We aimed to produce acoustic traps within the liver anatomy; thus, an open-access
accessible abdominal MR image [48] was manually segmented to act as the geometry
of FE modeling. The array was placed near the subxiphoid to reduce ribs” disturbance
(e.g., 10-20 times higher absorption than soft tissues [18]) [49]. In Figure 3a, the predefined
targets are situated around a vessel so that the formed trap would be located at its branching
microvessels. Each column of samples is parallel to normal line (e.g., 71). Moreover,
referring to parameters outlined in Table 1, our elements have a diameter of 3.7 mm and
operate at a frequency of 1.0 MHz. To increase the efficiency of energy delivery to the target
region, the array plane should be parallel to the vessel by adjusting angle « (x = 30° in
our study). Some MR-compatible robots, embedded with MR-based positional sensing
markers, can be used to facilitate the precise adjustment of array pose [27,50,51]. Upon
finalizing the array’s position and orientation, we outlined the effective workspace using
two boundaries /; and I3 for dataset collection. The boundaries were determined by the
beam spread angle (20), which defines the —6 dB pressure attenuation over an identical
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propagating distance r, comparing the pressure p(r, ) at the boundary to pressure p(r)
along the normal line [52]:

2J1(kesin(c))
kesin (o)

p(r,0) =p(r) (1)
where J; (kesin(c)) is the Bessel function of first order; k (=27t/A) is the wave number; e is
the element radius. As shown in Figure 3b, the critical attenuation of —6 dB corresponds to
the angle of o= 24.2°. After outlining the workspace, we introduced the sample density (D),
defined as the reciprocal of the spacing (d) between two adjacent samples, and conducted
the data collection at D = 1/A. Figure 3d shows a half cycle of sinusoidal wave emitted by
the sound source (S*) and the signals received by eight elements. Figure 3e displays the
close-up illustration of the received wave signals, in which eight peak amplitudes and their
timestamps represent amplitude and ToF, respectively. All FE modeling was conducted on
a processing computer (Ryzen Threadripper 3990X, 32 GB RAM, AMD, USA).

Table 1. Major parameters of single-side phased array in previous works.

Frequency Wavelength * Element Diameter Element Gap
Literature Traversed Media
[MHZz] [mm] [mm] [mm]
Kang et al. (2010) [53] 1.00 1.50 5.08 x 5.08 0.51 Water
Ghanem et al. (2020) [34] 1.50 1.00 7.0 0.50 Pig bladder, water
Hu et al. (2021) [11] 1.04 1.44 2.6 X 2.6 0.20 Water
Yang et al. (2022) [43] 1.04 1.44 2.6 x 2.6 0.20 Macaque skull, water

* denotes the acoustic speed in water.

2.3. Model Training

After the data collection, the model needs to be trained to predict the elements’
actuation signals so as to generate an acoustic trap at the target. All training and prediction
were conducted on a notebook with an Intel i5-7360U CPU and 8 GB RAM. A total of m
pairs of samples were acquired, and each pair included P, p, T, and A. A total of 74.5%,
13%, and 12.5% of samples were used for model training, validation, and hold-out testing,
respectively. We implemented the model using Scikit-learn with L2 loss (L)

R T
L=—Y|lxi— x| @)
mizl 2

where x; represents the predicted values and x;* represents the labeled values;i=1,2, ...,
m is the index of samples. ReLU was selected as the activation function. The trained model
has 18 input variables. Five hidden layers feature a total of 300 nodes for T prediction
and 720 nodes for A prediction (Figure 2). Then, the prediction results were applied to
phase—amplitude modulation on array.

2.4. FE-Based Trap Visualization

FE modeling is a typical method to validate whether the modulated acoustic traps/HIFU
align with the target [15,54]. We used COMSOL Multiphysics to visualize the acoustic
field pattern based on the predicted results. Eight elements were activated via phase—
amplitude modulation following the four-step process outlined below: (1) computing the
maximum ToF (Tmax) and the maximum amplitude (Amax) of the eight beams originating
from the same sound source; (2) converting ToF to focal beam’s phase patterns based on
time-reversed order. The phase patterns are expressed as:

271 (Tmax — Tjj
= I 1) ©)
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where T (=1 us in this study) is the period of ultrasound beams; (3) and then adding the
holographic signature to form the twin trap’s phase patterns. The twin trap’s phase patterns

are expressed as:

) 1
M;j = H;; + g — 71 - Heaviside(j — 1 -21- ) )

(4) The amplitude modulation patterns were calculated (W) as follows:
Wij . A] = Amax (5)

These coefficients modulate the elements” emission pressure based on their respective
attenuation levels along the transmission pathways, allowing all beams to contribute equal
pressure to the focal beam. Through the phase—amplitude modulation, the element’s
actuation signals ¥;; for focal beam generation are expressed as:

¥ij = OW;; - exp(j - Hyj) (6)

where j is the imaginary number and ¢ is a constant. This constant is set at 1000, indicat-
ing that the default emission pressure of elements is 1000 pascals. This setting permits
modification, enabling linear scaling of the entire field pressure. Then, signals ¥;; were
imported to the Pressure Acoustics, Frequency Domain module from COMSOL to actuate
transducer elements.

2.5. FE-Based Microbubbles Trapping

We used numerical simulations to display the MB trapping process in a twin trap.
A simple 2D model was set up in COMSOL, which included the trap’s ARF, gravity,
and drag force of fluid. ARF was produced by eight modulated transducers, and the
maximum pressure of the acoustic field was about 340 KPa [55]. Drag force was exerted by
a pulsatile flow with a period of one second. The pulsatile’ inflow velocity was expressed
as signal Pul(t):

Pul(t) = 13.83 x vmin + 1.383 x (vmax — vmin) x (3sin(27t)? + abs(sin(27tt)) x sin(27tt) + sin(7t)? +
42 x (sin(2mt) + abs(sin(27t))) x exp(—20 X (t — round(t — 0.5))) x 1.35/(1 + exp(130t + 10)))

where vmin (=0.5 mm/s in our work) is the minimum inflow velocity and vmax (=1.54 mm/s
in our work) is the maximum inflow velocity. Due to this pulsatile, the maximum flow
speed in the microvessel ((J40 um [56]) rose up to 2.13 cm/s. The MB is typically filled
with gas (e.g., perfluoropropane gas) in the biocompatible shell (e.g., protein) [57]. Thus,
the surface tension of MB was set as 0.1 N/m. In addition, Wrede et al. have demonstrated
that the ratio (1) between shell thickness and MB radius affects the ARF direction [6]. When
T < 0.10, the acoustic contrast factor (ACF) of MB is negative, and MB would move towards
the high-pressure region (i.e., pressure anti-node). Conversely, MB would move towards
the low-pressure regions (i.e., pressure node). In our simulation, MB radius was set to
10 pm, and the shell thickness was 50 nm [57]. Further, the mean density (p;,) of hollow
MB can be calculated as [6]:

Pmb = Pshett X (1 — (1 — 1)%) (8)
where pgep is 1050 kg/m3 [58].

3. Results and Discussion

Our work presents a machine learning-based model to modulate phase and amplitude
patterns of elements capable of rapidly generating an acoustic trap at the predefined
target. The model was trained separately using datasets collected at four sample densities,
assessing the impact of sample size on model prediction. The resulting performance was
analyzed, with details described in the following section. A threshold for sample density
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(D) was identified, which trades off the prediction accuracy against the computational
expense. At this density, the accurate ToF prediction ensures trap generation at given
targets with different penetration depths. Then, the predicted amplitudes were used to
modulate the elements’ emission pressure, updating the trap’s acoustic intensity profiles.

3.1. ToF Prediction

ToF is the most significant parameter, so its prediction accuracy directly determines
the trap generation. Considering that the accuracy of the learning-based model is generally
affected by the sample size [59], a large number of samples are expected for our model
training, but this concurrently demands excessive computing resources to collect samples.
Specifically, each FE simulation run, which employs massive geometric meshes to discretize
the 2D MR anatomy, takes several hours to collect one sample (about 75 min in our study).
Note that the sampling method itself is not the core focus of our work. Both FE modeling
and the aforementioned MR-ARFI can serve as sampling techniques. Our primary concern
on dataset collection is to identify an optimal sample density to balance the prediction
accuracy and sample size. To date, the sample density for learning-empowered trap
generation has yet to be delved into. Inspired by the sampling strategy in our previous
learning-based FUS work [54], we initiated the dataset collection at a sample density of
D =1/A. A total of 920 samples were collected, with 115 samples for hold-out testing. Out
of the remaining samples, three subsets consisting of 244, 122, and 65 training samples were
selected, corresponding to sparser sample densities of 1/2A, 1/3A, and 1/4A, respectively.
These four datasets were used for model training separately. In Figure 4a, at densities of
1/A, except for a few outliers (only 11 outliers out of 920 predictions), the errors remain
within —0.45 us to 0.67 pus, demonstrating high prediction accuracy. When reducing
densities, the maximum errors increased notably by approximately tenfold. Moreover, the
presence of numerous outliers indicates large fluctuations in accuracy. Thus, it is evident
that a larger sample size indeed raises our model’s prediction accuracy. The prediction
efficacy based on these four groups will be validated via FE modeling in later sections (see
Sections 3.2 and 3.3 for details).
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Figure 4. ToF prediction performance of the model trained separately using datasets with four
sample sizes. (a) Prediction errors of eight elements (i.e., eq, e, . .., eg). The higher sample density
(D) corresponds to the larger sample size. When D = 1/A, the errors remain range from —0.45 us to
0.67 ps, with few outliers. Below this density, the errors surge, and many outliers occur. (b) Average
model training time over 10 runs using datasets with four sample sizes.
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In addition to accuracy, model training time also needs to be evaluated. In future
clinical practice, the training process must be completed quickly once the data collection
is finished using MR-ARFI. This is because patients cannot remain still for long periods
to avoid position shifts between the array and body. In the training process, a batch size
of 1 was used for the above four training datasets. Figure 4b shows the average model
training times over 10 runs, which were 17.7 s, 10.0 s, 3.0 s, and 2.5 s, respectively. This
indicates that the proposed model for ToF prediction can deliver rapid model training,
offering significant potential for clinical practice.

3.2. Phase-Only Modulation for Focal Beam

Since correct PM can ensure trap generation [10,43], we used the predicted ToF to
compute phase patterns and input them into FE modeling to visualize the acoustic field.
This approach can examine if the ToF accuracy is adequate for trap generation at the target.
Given the widespread application of single-beam traps to concentrate MBs [6], we initially
validated the generation of a focal beam via PM. This modulation used eight elements,
each with a representative diameter of 3.7 mm, referring to the custom-made phased arrays
listed in Table 1. This kind of small element is increasingly preferred for recent lab-based
research, attributed to their flexible sonication delivery, improved trapping stiffness, and
high trapping resolution [18,41]. In contrast, commercial transducers usually have larger
diameters due to manufacturing processes, production costs, etc. To investigate our model’s
adaptability for the commercial transducer, PM was repeatedly performed using eight
elements with a diameter of 7 mm, paralleling the specifications of transducer PK4GA7P1
(Thorlabs Inc., Newton, NJ, USA).

Figure 5a shows four acoustic fields formed on the same 2D abdominal anatomy. The
warmer colors indicate the higher pressures. At sample densities of 1/A, a finger-like
cylindrical region was successfully generated along the propagation direction and covered
the target position, signifying a focal beam. At densities of 1/2A, the focal beam was still
generated but drifted from the target position, indicating that ToF prediction accuracy
becomes unreliable. Notably, the unwanted side lobes occur in both focal beams, which
potentially induce unnecessary tissue injury [54]. Unlike the heat deposition within the
focal spot of FUS, the acoustic energy of a focal beam distributes throughout a finger-like
region, effectively moderating the temperature rise. Thus, the side effects of lobes in
trapping applications are not as severe as FUS. An in vivo study on acoustic traps used
low-duty cycle (e.g., 1-10%) actuation signals to regulate the energy delivery, showing
commendable safety [14]. As the density reduces to 1/3A, two off-target focal beams
emerge, and at 1/4A, the focal beam fully disappears. Figure 5b shows four acoustic
fields using eight larger elements (7 mm). Another representative point, with deeper
penetration depth inside the liver, was predefined as the new target. Consistent with the
trends observed in Figure 5a, PM again enabled an accurate generation of the focal beam, as
sample density was not below 1/A. Moreover, the side lobes were also observed. Given the
above comparison based on different element sizes and penetration depths, the threshold
(1/A) can be a precedent for dataset collection in subsequent studies, reaching a balance
between the prediction accuracy and sample size. In addition, the results demonstrate
that our model can adapt to both custom-made and commercial elements, indicating its
practical applicability.
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Figure 5. Visualization of focal beam based on two phased arrays with different apertures. The size
of the (a) small elements is 3.7 mm, and the (b) large element is 7.0 mm. When D was not less than
1/A, both kinds of phased arrays formed a focal beam at the given position. Letters “A” and “P” in
yellow color indicate the anterior and posterior abdominal walls, respectively.

3.3. Phase-Only Modulation for Twin Trap

Apart from the focal beam acting as a trap, vortex-, bottle-, and twin-shaped acoustic
structures also function effectively as acoustic traps. Based on HAEEF, these traps can be
transformed from a focal beam [10]. Among them, the vortex trap has been successfully
applied to concentrate MBs within a mouse’s microvessels [14]. Considering the stronger
pulsatility and larger tumor volume in humans, our work focuses on a twin trap, which
offers superior lateral force and a bigger working volume compared to a vortex trap [10,15].
A twin trap is interpreted as the combination of two focal beams generated at two designated
control points, typically spaced 2A apart (Figure 6a) [11]. This acoustic structure suggests
that MBs with negative ACF will be aggregated in the two focal beams (see Section 3.6 for
details). Specifically, MBs will be confined to form two clusters within two focal beams.
Once the clusters attain a certain size, the Stokes force they experience exceeds ARF, and
they escape the focal beams and then disintegrate into smaller clusters or individual MB [16].
We believe that two microbubble seeding sites created by the twin trap around the tumor
potentially increase both the absorption rate and speed compared to a single seeding site
facilitated by a single-beam trap. Therefore, in this section, we engage in exploring the
generation of twin traps via PM. All acoustic fields were visualized via FE modeling, taking
into account three factors: sample sizes, element sizes, and penetration depth.

In Figure 6a, at sample densities of 1/A, two finger-like cylindrical regions signify
high-pressure zones, which shape a twin trap with the low-pressure region in between.
Notably, at 1/, despite that the twin-shaped acoustic structure is complete, the pronounced
amplitude difference between the two focal beams is evident. This phenomenon has not
been presented in a single medium [11,15]. It suggests that tissues” heterogeneity leads
to a non-uniform wavefront, thereby making elements contribute unequal pressure to
the dual focal beams. As the density decreased, two finger-like regions around the target
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contracted substantially and eventually vanished. The fields depicted in Figure 6b reaffirm
our model’s efficacy for large-sized transducers and deeper penetration. The sample
density of 1A remained a reliable threshold for twin trap generation. At 1/2A and 1/3A,
while two focal beams still persisted, they increasingly deviated from the target position,
and the acoustic intensity of side lobes turned stronger than the twin trap. Note that these
two elongated finger-like focal beams, which almost traversed the liver, will not block red
blood cells, thus not causing potential hemolytic lysis. The previous experiment has proven
that the ARF exerted on red blood cells is far less than the forces exerted on MBs [16].

Visualization of twin trap based on eight small elements (©3.7 mm)
D = 123807 D = 130477 D=1/4

hased array

......

dcentre ®
_ilcontrol point i

Figure 6. Visualization of twin traps based on two-phased arrays with different apertures. The size of
the (a) small elements was 3.7 mm, and the (b) large elements was 7.0 mm. When D was not less than

1/A, both arrays formed twin traps at the given positions. A pair of solid green circles represented
twin trap’s two control points.

3.4. Phase-Amplitude Modulation

Previous works predominantly focused on PA [9-11], with limited effort dedicated
to AM. Preliminary attempts have been made to alter the trap’s acoustic intensity profile
by equally scaling elements’” emission pressure in a single-medium environment [40].
This method is easy, as it does not require prior knowledge of wave attenuation in beam
transmission channels. However, in heterogeneous media, such simplistic AM becomes
inapplicable due to different attenuation across all channels. The works in FUS successfully
realized an amplitude compensation for attenuating effects and recreated a uniform acoustic
wavefront [43,44]. This AM is acknowledged for reducing sidelobes and refining the quality
of the focus [44]. Drawing inspiration from these works, we applied this AM strategy in
our learning-empowered traps.

Figure 7a shows that the average errors of 115 runs of amplitude prediction stay below
£2% at 1/A. This indicates the training dataset, collected at or above threshold density (i.e.,
D > 1/M), ensures high precision for amplitude prediction. Note that the prediction has a few
outliers, which potentially lead to inaccurate amplitude modulation on certain element(s). The
cases for three sparser sample densities (i.e., 1/2A, 1/3A, and 1/4A) were not further discussed.
Figure 7b shows the average training time over 10 runs. Along with the above model training
for phase prediction, our model can train two ANNs within 2 min. Figure 7c illustrates
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the focal beams formed without and with AM at the same representative target, where the
phase-only modulation served as a baseline. Two focal beams exhibited notable differences,
wherein the latter showed warmer colors. We plotted their beam profiles in a lateral direction
across a 3.5A span. The stacked figures reflected changes in normalized pressure when three
randomly selected representative elements (i.e., 1, e5, and eg) were activated sequentially
alongside the constant activation of e, e3, e4, €7, and eg. This method can verify if the AM
can recreate a uniform wavefront. In the baseline, the increases in normalized pressure were
different: 0.13 by ey, 0.11 by es5, and 0.09 by e¢. In comparison, AM made the increases uniform,
all increases (i.e., 0.13, 0.12, 0.11) closely approximated the ideal value of 0.125 (=1/8). These
values proved that AM could create a uniform wavefront in heterogeneous media. As a result,
their full-width-at-half-maximum of the acoustic intensity profile at the target decreased
from 4.59 mm to 4.04 mm. This improvement indicates a higher focusing quality, which is
consistent with the results observed in FUS [44]. However, we did not find a reduction in
sidelobes. The possible reason may be attributed to the different arrangement of elements,
where the FUS uses elements arranged on a spherical surface [44,54]. Regarding the twin
trap, each element contributed different pressure to two control points rather than to a
single focal spot. Therefore, while the current AM can still be used to change the twin
trap’s acoustic intensity profile (as shown in Figure 2), it is unable to recreate two uniform
wavefronts at both control points.

(a) (b) (€) Focal beam formed without/with amplitude modulation (AM)
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Figure 7. Performance evaluation on focal beam formed without and with AM. (a) Average prediction
errors of eight elements at the validated sample densities (i.e., 1/A). Their maximum errors were less
than 1.75%. (b) Average model training time over 10 runs. (¢) Comparison of two focal beams formed
without and with AM. The left one formed without AM served as a baseline. Two stacked figures
showed the normalized pressure changes at target’s lateral direction across a 3.5\ span, as elements
were activated in sequential order. The bottom blue layer represents the beam profile formed when
five elements (i.e., ey, e3, e4, ey, and eg) were simultaneously activated. The turquoise, orange, and red
layers represent the beam profiles of eq, e5, and e, respectively. Their full-width-at-half-maximum of
the acoustic intensity profile at the target was 4.59 mm and 4.04 mm, respectively.

3.5. Computation Efficiency

Since the medical potential of acoustic traps necessitates prompt phase-amplitude
modulation, our model’s computational efficiency needs to be evaluated. Among the exist-
ing approaches, IB currently cannot solve complicated acoustic fields in thick tissues [14,42].
In addition, HAEF has low accuracy in heterogeneous media and needs a hydrophone to
calibrate the phase, making it unsuitable for non-invasive scenarios [40]. Therefore, we
compared the computation efficiency between the proposed learning-based model and
TRM. The time for 10 runs was averaged for evaluation, and each run included 115 testing
samples. Note that we only compared the model trained using the dataset collected at a
sampling density of D = 1/A. The TRM computation was conducted in COMSOL, and
its maximum mesh size was set at 1/8 wavelength. The scripts of the TRM-based model
were run on a workstation (AMD 3990X, 32 GB RAM) without using GPU acceleration.
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As shown in Table 2, the machine learning-based model is much more efficient in compu-
tation, differing by four orders of magnitude compared to TRM. Our model can update
the phase—amplitude modulation in real-time (<10 ms), indicating the potential of acoustic
traps in future clinical practice.

Table 2. Computation efficiency comparison.

Approach Average Time for ToF Average Time for Amplitude
[ms] [ms]
Learning-based model 3.5 5.7
TRM 1.5 x eb

3.6. Microbubble Trapping Capacity

Focal beam has been validated to be capable of trapping hollow MBs with negative ACF
at the pressure anti-nodes [6]. Regarding twin trap, the current works only demonstrated
it can trap solid particles (ACF > 0) between two focal beams [10,11]. However, the effect
on hollow MB with negative ACF has not been investigated. In this section, FE modeling
was built to display the process of MB trapping using a twin trap. The trajectory of each
MB was shown dynamically. As shown in Figure 8a, it shows the curve of inflow velocity.
Its period is 1 s, which was applied to the inlet of microvessel. In the straight microvessel
(40 pm), the flow speed can rise to 2.13 cm/s (Video S1, see Supplementary Materials),
matching with the mean velocity of blood flow in capillary [16]. In Figure 8b, it shows the
part of acoustic field pattern around the microvessel. Its maximum pressure is about 340
KPa, which is a typical acoustic pressure level in in vivo study [55]. After the twin trap was
generated, the MBs experienced ARF. As shown in Figure 8¢, at four different time points
(i.e, 0s,0.08s,0.12 s, and 0.18 s), the MBs gradually moved towards adjacent pressure
anti-nodes. Note that the MB diameter in Figure 8c was enlarged by a scale factor of 12 after
completing the computation process only for clear demonstration. This result proves that
twin trap can accumulate MBs (ACF < 0) in the encounter flow condition (Video S2, see
Supplementary Materials). Compared with the single accumulation spot produced by focal
beam, the twin trap can provide two spots for MB accumulation.
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Figure 8. Numerical simulation on the microbubble trapping in pulsatile flow. (a) Curve of inflow
velocity. Its period is 1 s, and the maximum velocity is up to 1.54 mm/s. It was used to drive the fluid
inside microvessel. (b) Acoustic field pattern of the twin traps around the predefined microvessel.
The maximum pressure is about 340 KPa. The microvessel diameter is 40 um, and the fluid enters
from the left side and flows to the right. (c) MB transient distribution att =0's, 0.08 s, 0.12 s, and
0.18 s in COMSOL simulation. At t =0 s, all MBs do not experience ARF and move due to fluid
dynamics. After triggering the twin trap, the MBs (ACF < 0) gradually accumulated in two highest
pressure spots.
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4. Conclusions

In this study, we propose a pre-concept that uses machine learning to rapidly generate
acoustic traps in 2D abdominal anatomy. It aims to advance the trap’s medical potential
of concentrating drug carriers (e.g., microbubbles) in pulsatile flows. Accredited to the
advances in MRI for sensing acoustic interference, the acoustic trap would be visualized
using MRL In our work, we currently use FE modeling to visualize the trap’s acoustic
field pattern. By mapping from trap position to array actuation signals, two ANNs can be
trained rapidly (<2 min). This would reduce the patient waiting time and prevent relative
movement between body and array in future medical scenarios. After model training, the
results suggest that a sampling density of D = 1/A can act as a reliable reference to balance
the sampling time and prediction accuracy. The achieved high ToF prediction accuracy,
with error margins ranging from —0.45 us to 0.67 us (with only a few isolated outliers),
will ensure that the trap position aligns with the predefined microvessel. Meanwhile,
the real-time MRI-guided MB tracking will provide visual feedback to surgeons in future
medical scenarios, allowing surgeons to select a more suitable microvessel on-site. Our
model’s high efficiency in prediction satisfies the rapid adjustment to the trap position. It
delivers fast updates to phase modulation in real-time. Such computation efficiency far
surpasses that of HAEF and TRM. The predicted amplitude can be used to modulate the
transducers” emission pressure, thereby optimizing the acoustic intensity profiles of traps.
The AM results demonstrated an improvement in the focusing quality of the single-beam
trap but did not show a reduction in the sidelobes. Furthermore, the trap generation has
been successfully replicated when changing the transducer sizes and target penetration
depth, which indicates our model’s applicability for future clinical practice.

Our study demonstrates that machine learning can deliver accurate and rapid predic-
tion for ToF and amplitude, enabling the modulation of acoustic trap patterns. However,
this pioneering work is only realized in 2D anatomy, and it currently falls short in real
clinical applicability. Future efforts in acoustic traps will focus on 3D media, including
the dataset collection and model training in 3D, to enhance its practical operability. In the
data collection process, we currently use MR anatomy to simulate heterogeneous media,
which is insufficient to reflect the complexity of human tissues. Such datasets will weaken
the model’s accuracy and reliability. MR-ARFI is likely to be a promising method for
data collection. It would visualize the trap’s acoustic field and measure its amplitude in
phantoms or the human body so that the mapping between traps and array elements (i.e.,
phase and amplitude) can be created without requiring prior knowledge of tissue structures.
Moreover, MR-ARFI can also consider human physiological activities (e.g., respiration),
thereby enriching the dataset’s diversity to improve the trained model’s robustness.

Supplementary Materials: The following are available online at https://www.mdpi.com/article/
10.3390/s24196342/s1, Video S1: Simulated fluid flow velocity in a microvessel (40 pm) using
COMSOL. Video S2: Microbubbles (with negative ACF) trapping process in a microvessel (740 pm)
via a twin trap.
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Abstract: Cardiovascular diseases (CVDs) are among the primary causes of mortality globally, high-
lighting the critical need for early detection to mitigate their impact. Phonocardiograms (PCGs), which
record heart sounds, are essential for the non-invasive assessment of cardiac function, enabling the
early identification of abnormalities such as murmurs. Particularly in underprivileged regions with
high birth rates, the absence of early diagnosis poses a significant public health challenge. In pediatric
populations, the analysis of PCG signals is invaluable for detecting abnormal sound waves indicative
of congenital and acquired heart diseases, such as septal defects and defective cardiac valves. In
the PhysioNet 2022 challenge, the murmur score is a weighted accuracy metric that reflects detection
accuracy based on clinical significance. In our research, we proposed a mean teacher method tailored
for murmur detection, making full use of the Phyionet2022 and Phyionet2016 PCG datasets, achieving
the SOTA (State of Art) performance with a murmur score of 0.82 and an AUC score of 0.90, providing
an accessible and high accuracy non-invasive early stage CVD assessment tool, especially for low
and middle-income countries (LMICs).

Keywords: cardiovascular disease (CVD); phonocardiogram (PCG); murmur detection; semi-supervised
learning; mean teacher; non-invasive assessment; low and middle-income countries (LMICs)

1. Introduction

The leading cause of mortality worldwide are CVDs [1]. Cardiac auscultation is the
most accessible method for early-stage, non-invasive assessment of CVDs, particularly in
LMICs. This technique involves the analysis of heart sounds, crucial indicators of heart
function, and potential abnormalities. In the realm of digital health technology, PCGs
elevate this basic assessment by recording these heart sounds electronically. PCGs capture
the acoustic data of the heart’s beats, which can be analyzed to detect irregular patterns
such as murmurs, gallops, and rubs.

In PCG recordings, the first heart sound (S1) and the second heart sound (S2) are
fundamental components. S1 is produced by the closing of the atrioventricular valves,
signaling the beginning of systole. In contrast, S2 is generated by the closing of the
semilunar valves, marking the end of systole and the start of diastole. Beyond these, heart
murmurs detected in PCG signals provide essential clinical insights into heart malfunctions
due to congenital and acquired diseases in pediatric populations [2,3]. Consequently,
developing machine learning algorithms that can precisely detect murmurs from PCG
signals presents a significant challenge.
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One major challenge in applying deep learning techniques to cardiovascular signals
is the lack of annotated data. Creating reliable diagnoses requires considerable time and
the expertise of highly skilled professionals, making the process demanding and resource-
intensive.

Although researchers have conducted lots of work to make full use of the labeled
PCG data [4-6], a considerable portion of unlabeled data remain underutilized. Semi-
supervised learning paradigms have demonstrated notable efficacy in leveraging unlabeled
data alongside a limited subset of labeled data [7,8].

The PhysioNet 2022 [9] dataset comprises heart sound recordings collected from
1568 patients, most of whom were pediatric patients from rural Brazil. These recordings
were gathered using an electronic stethoscope at four key auscultation points (aortic valve,
pulmonic valve, tricuspid valve, and mitral valve). A total of 5272 recordings were made,
with detailed annotations provided by cardiologists. The dataset includes demographic
and clinical information such as age, sex, height, and weight, as well as clinical outcomes
like heart murmurs and abnormal cardiac function. The recordings are labeled into three
categories—Present, Absent, and Unknown for murmurs—providing a rich source of
supervised learning data. However, only 60% of this dataset (2982 recordings) was released
as the public portion for model training, which we utilized in our study.

In contrast, the PhysioNet 2016 dataset [10] was primarily collected for the clas-
sification of normal versus abnormal heart sounds and includes 4430 recordings from
1072 subjects. This dataset features recordings from a diverse population of both children
and adults, gathered across various environments using different recording devices. While
the primary objective was to differentiate between normal and abnormal heart function,
the dataset lacks the detailed murmur annotations present in the PhysioNet 2022 dataset,
making it well-suited as unlabeled data for our semi-supervised learning framework. The
challenge’s training set comprises 3153 heart sound recordings from 764 patients. Notably,
the high-quality 2016-e subset, which has even been used for generative tasks [11], was
included in our experiments and consists of 2054 PCG recordings.

In this study, we utilized the mean teacher model that leverages the labeled PCG
data from Physionet 2022 in conjunction with the unlabeled PCG data in Physionet 2016,
our method exhibits a comparable performance to fully supervised models. Additionally,
by incorporating unlabeled data sourced from an external dataset alongside the labeled
dataset, we achieve an enhanced model performance relative to utilizing labeled data
alone. Our findings underscore the utility of integrating unlabeled data through a semi-
supervised framework, thereby augmenting model performance and facilitating clinical
decision-making by harnessing the wealth of readily available unlabeled data.

2. Related Work

Computer-aided classification in PCGs has captivated researchers for over 50 years,
yet it continues to present challenges. Gerbarg et al. were pioneers in this field, using
a threshold-based method to tackle the problem [12]. Early approaches in heart sound
murmur detection involved enhancing acoustic signals through digital stethoscopes and
basic electronic filtering techniques. Subsequently, techniques like the Fourier transform
were employed to break down heart sounds into individual frequency components, facili-
tating the identification of abnormal frequencies [13,14]. Ahlstrom’s work comprehensively
summarized the physics, analysis, and processing of heart sounds [15]. More sophisticated
approaches later integrated complex signal processing methodologies, such as spectral
analysis and wavelet transformations [16-18]. Despite these advancements, traditional
methods were limited by their dependency on high-quality acoustic signals and struggled
in noisy clinical environments or with low-amplitude murmur sounds.

The rise of machine learning, especially deep learning, has transformed the landscape
of murmur detection. The George B. Moody PhysioNet Challenge in 2016 [10] attracted
many researchers to the field, leading to significant contributions in CVD assessment.
Cristhian Potes et al. [19] achieved the highest score in the challenge, which combined the
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results from an AdaBoost algorithm and a convolutional neural network (CNN). The Ad-
aBoost algorithm was trained on 124 time—frequency features, while the CNN was trained
on four frequency bands extracted from the PCG signals. Subsequent research utilized meth-
ods such as ResNet [20], Mel-frequency features [21], feature fusion methods [22], CNN-
LSTM networks [23,24], and transfer learning [25] have achieved even higher performance.

The George B. Moody PhysioNet Challenge in 2022 [9] provided more detailed clas-
sifications for typical diagnoses, including heart murmurs. Hui Lu et al. achieved SOTA
performance in murmur detection using a lightweight CNN with wide features and Mel-
spectrogram [4], while LCNN, dual Bayesian ResNet, hidden semi-Markov model, and
hierarchical multi-scale convolutional neural networks were also deployed to achieve com-
petitive performance in the Physionet 2022 challenge [5,6,26,27]. Derivative works include
the use of a new wav2vec model [28], multi-scale CNN with LSTM [29], and complex-
valued networks [30]. Beyond the pursuit of higher classification performance, efforts have
also been made to enhance model interpretability. For instance, M. Rohr et al. employed
a multiple-instance learning framework to facilitate model interpretability [31], while
G. Zhou et al. explored different data augmentation methods for PCG classification [32].

In the realm of semi-supervised methods, Bachman et al. [33] introduced the concept
of “Pseudo-Ensembles” in 2014, which created an ensemble of models by perturbing the
data and model parameters during training. This approach aims to enhance diversity in
the learned representations. Further advancements were made by M Sajjadi et al. [34] in
2016, who introduced randomness into the training process to promote smoothness in the
model’s predictions and increase robustness to variations in the input data [35]. Building
upon this, Laine and Valpola proposed “Temporal Ensembling” in 2016, where the model’s
predictions on unlabeled data were averaged over time to provide consistent pseudo-labels
for regularization. These developments culminated in the introduction of the mean teacher
concept by Tarvainen and Valpola in 2017 [8]. The mean teacher approach enhanced
consistency regularization by encouraging the model to maintain stable predictions even
when input data were slightly altered. This approach leverages both labeled and unlabeled
data by comparing the student model’s current predictions with those of the teacher model,
enabling simultaneous learning from both data types. This strategy greatly boosts the
model’s ability to generalize and perform well on unseen data.

Despite the success of semi-supervised learning in various domains, its application in
PCG murmur detection remains largely unexplored. The complexities of heart sound and
the scarcity of labeled data pose significant challenges for traditional semi-supervised meth-
ods. However, integrating semi-supervised learning into PCG murmur detection could
potentially alleviate the need for large labeled datasets and further improve classification
performance in real-world clinical settings.

3. Method

Our method comprises two main components: the mean teacher model and a lightweight
CNN architecture that serves as the base model.

The mean teacher method is a semi-supervised learning strategy that harnesses unla-
beled data to significantly improve model generalization and robustness [8]. Compared
to traditional semi-supervised learning approaches, the mean teacher approach employs
a teacher model to enhance supervision, thereby reducing the generalization error and
improving the model performance; the architecture of the mean teacher model is shown in
Figure 1.

In the training process of the mean teacher method, student and teacher models both
utilize the same architectural framework. During each iteration, a batch of labeled data
is fed into the student model, generating predictions ps;;. Unlabeled data are also input
into the student model and subsequently into the teacher model, producing predictions
ps2 and py», respectively. The classification loss between pg,; and the true labels, as well as
the consistency loss between ps.» and py.», are then calculated. These losses are weighted
and combined to compute the total loss, which is used to optimize the student model, as
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indicated by the dotted line in Figure 1. Finally, the teacher model is updated through the
exponential moving average according to the parameters of the student model, completing
one iteration. This process is repeated multiple times during a training cycle. As the
iterations progress, the model’s performance stabilizes, marking the completion of training.
At the end of this process, the student model is employed for testing.

Consistency
_ Classification Loss Loss
A e e e m e e - = - - 1 A == = - - -
| ! 1
|
v \
Student Model | ™ | Teacher Model
Exponential
A Moving Average A
r _l r— - - - - - = A r— - - - - - = A
| \ | \ \
| Label |‘ Label Data | | Unlabel Data |
L — — _| L - — = = = = .l L - — = = = = J

Figure 1. Architecture of Mean teacher model.

In the optimization process, the relative weighting of the classification and consistency
losses dictates how supervised and unsupervised learning contribute to the model’s perfor-
mance. The mathematical expressions for these classification and consistency losses are
outlined as follows.

L
Classification Loss = wy Y _ y;log(ps;i) @
i=1
L
Consistency Loss = w, Z(Pt;ivps;i)z )
i=1

In this project, weights w; and w, are assigned to the classification and consistency
losses, respectively. The classification task involves three classes (L = 3). The label for
class i is denoted as y;, while p,,; and p;,; are the probabilities predicted by the student

and teacher models for class i. The weight for the consistency loss is calculated using the

epr
eps”’

the consistency loss weight. The classification loss weight is determined by a function given

function e (1-%)" & (we — w;) + w;, where x = with 7 representing the coefficient for

by 1— er , where ep represents the current epoch and eps is the total number of epochs.
This function gradually decreases from 1 to 0 throughout the training period, allowing
the model to initially converge quickly on labeled data and then progressively learn from
unlabeled data.

The formula for Exponential Moving Average (EMA) is as follows:

op = kay + (1 —k)ag 3)

In this context, a; and «; represent the trainable parameters of the teacher and student
models, respectively. The smoothing coefficient k is set to 0.98 throughout the training process.
The following represents the foundational architecture of the teacher and student
models, a lightweight CNN [4]; the architecture is shown in Figure 2. The lightweight
CNN is the SOTA model in the Physionet 2022 challenge, outperforming other models
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due to its simple architecture, strong robustness, and generalization ability across dif-
ferent PCG signal data and populations. This makes it highly practical for use in PCG
murmur detection.

wide_features -
= Linear(15, 20’
@a5) N\ { )

l l Concat
( Conv(32,3,3) ) ( Conv(32,3,3) ) ( Conv(32,3,3) )

! |
(32,65,201) (32,32, 100) ( BN ) (32,32,100) ( BN )

- Linear(84, 3)

Mel-Spectrogram
(1,128, 401)

b g B |
_ ( —— )_ (AVAd:pmg )_ Murmur Output

gPooling2D

Figure 2. Architecture of the lightweight CNN model employed in mean teacher.

This lightweight convolutional neural network architecture is specifically designed
for processing audio data, particularly for identifying cardiac murmurs. The primary input
to the model is a Mel-spectrogram with dimensions of (1, 128, 401), where 128 represents
the frequency dimension and 401 represents the time dimension. Additionally, the model
receives an auxiliary input called “wide features”, which is a 15-dimensional feature vector.
This vector is processed through a linear layer to transform it into a 20-dimensional feature.

The model architecture consists of four convolutional blocks followed by a linear layer.
Each convolutional block includes batch normalization and a ReLU activation function
to enhance audio feature extraction. The first and second convolutional blocks have max-
pooling layers with a (2, 2) window, which reduces the spatial dimensions of the feature
maps and lessens the computational burden. Additionally, the second convolutional block
features a dropout layer with a 0.1 dropout rate to mitigate overfitting. Following the
convolutional blocks, an adaptive average pooling layer is used to further condense the
feature space before passing it to the linear layer.

Finally, the model combines 20-dimensional “wide features” processed through a
linear layer with the 64-dimensional features derived from the Mel-spectrogram via the
adaptive average pooling layer, resulting in an 84-dimensional feature vector. This vector
is then passed through another linear layer, which maps it to one of three output categories:
“Present”, “Absent”, or “Unknown”. The design of the entire model aims to optimize audio
classification accuracy by learning the intrinsic features of the Mel-spectrogram and the
directly inputted “wide features”. Additionally, the simplified network structure maintains
computational efficiency.

4. Experiment

The development environment for our project was built using Python 3.9.0, Nvidia
A100 GPUs, Pytorch 2.1.0, and CUDA 12.1.0. For the training process, we implemented the
ADAM optimizer, setting the learning rate to le-3 and using a batch size of 16. The detailed
explanation is shown in Table 1.

Table 1. Key parameter configuration.

Parameter Name Parameter Value Parameter Description
Optimizer Adam Neural Network optimizer
Learning Rate 1x1073 learning rate for optimizer
Batch Size 16 Number of samples per iteration.
EMA k 0.98 Smoothing coe.ff1c1ent in Exponential
Moving Average.
Weight con init 0.7 Initial value for consistency loss in mean teacher.
Weight con end 1 Final value for consistency loss in mean teacher.
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4.1. Dataset and Preprocessing

In our research, we primarily utilized data from the George B. Moody PhysioNet Chal-
lenge for the years 2016 and 2022. The 2022 dataset comprises heart sound recordings from
874 patients, totaling 2982 entries collected from various auscultation points. Additionally,
this dataset includes annotated patient information such as age, sex, height, weight, and
other relevant variables. The recordings are categorized into three main groups based
on the presence of murmurs in the PCG signals: Present, Absent, and Unknown. These
categories serve as the labeled data for the model training. The 2016 dataset, designed for
normal/abnormal classification rather than murmur detection, includes the 2016-e datasets
renowned for their high-quality 2054 PCG recordings, which we used as unlabeled data in
our analysis.

In our project, we standardized the duration of audio recordings, which originally
ranged from 4.8 s to 120 s, by setting a fixed duration of 10 s for each recording. During
preprocessing, recordings longer than 10 s were randomly cropped, while shorter record-
ings were padded with zeros to achieve a consistent length. This preprocessing method
was uniformly applied during both the training and validation phases.

For each recording, we extracted a Mel-spectrogram with 128 Mel bands, using a
window size of 50 ms and a frame shift of 25 ms, covering a frequency range from 25 to
2000 Hz, as illustrated in Figure 3. In addition to spectrogram extraction, we computed
wide features, which were then categorized and encoded into one-hot vectors. To further
enrich the dataset, we extracted statistical features from the audio signals, including the
zero-crossing rate, spectral centroids, and spectral bandwidth.

Spectrogram of PCG without noise

200
Frame
Spectrogram of PCG with noise

0 50 100 150 250 300 350 400

0 50 100 150 200 250 300 350 400
Frame

Figure 3. (Top): Mel-spectrogram of original PCG, (Bottom): Mel-spectrogram of PCG with Noise.

To enhance the robustness of our model against overfitting and to simulate real-world
noisy environments, we implemented two primary data augmentation techniques on the
Mel-spectrograms. Initially, Gaussian noise with a zero mean and a standard deviation of
15 dB was added to each recording during training, as shown in Figure 4, with a probability
of 0.5 for each signal. Additionally, we applied masking in both frequency and time
domains to the spectrograms, as shown in Figure 3. This involved selectively blocking out
multiple blocks of frequency channels and time steps. These augmentation strategies were
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designed to introduce variability and improve the generalizability of our model across
diverse scenarios.

PCG without noise
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Figure 4. Top: Original PCG recording; Bottom: PCG recording after adding Gaussian noise.

4.2. Results

Due to significant class imbalance in the dataset, we used the murmur score from the
PhysioNet Challenge 2022 [9] and AUC indicators to provide an unbiased evaluation of
our model’s performance. The murmur score is a weighted accuracy and can be defined by
the confusion matrix shown in Table 2 and Formulation (4).

S — Smpp+3myy+maa (4)
M 5(mpp+myp-+map)+3(mpy+myy-+nay)-+(mpa+mygatmaa)

To demonstrate the robustness and practicality of our methodology, we refer to Table 3,
which presents both the average values and their corresponding standard deviations.
Initially, the 2022 dataset was segmented into five folds, ensuring that all recordings from
the same subject were confined to a single fold. This subject-wise cross-validation approach
guaranteed that no recordings from the same patient appeared simultaneously in both the
training and validation/test sets, thereby mitigating the risk of data leakage and providing
a more reliable evaluation of the model performance. Using one fold for labeled training
and another for validation, this approach achieved a five-fold cross-validation murmur
score of 0.7020 and an AUC of 0.7951. Subsequently, applying our mean teacher model,
we designated one fold labeled as training data while gradually increasing the unlabeled
data from one fold to three folds, with the remaining fold reserved for validation. This
semi-supervised strategy improved the model’s performance, achieving a murmur score of
0.7540 and an AUC of 0.8562. As expected, we observed that as the amount of unlabeled
data increased, the model’s performance improved accordingly. The t-test show a t-value
of —18.88 leading to a p-value of 1.36 x10~* on Murmur Score, and a t-value of —99.55
leading to a p-value of 7.79 x10~% on AUC. These results indicate that incorporating an
additional 60% of unlabeled data significantly improved the model’s performance over
the baseline.

Table 2. Confusion matrix for murmur detection.

Murmur Expert

Present Unknown  Absent
" Present mpp mpy Mpa
Murmur Classifier Unknown M muy A
Absent map mau maa
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Table 3. Comparative analysis of various training modes across different data splits.

Data Split Result Measurements
Model Labeled Data Unlabeled Validation Murmur Score AUC
Data Data

Full Supervise 20% v2022 / 20% v2022 0.7020 £ 0.0026  0.7951 =+ 0.0008

Semi Supervise 20% v2022 20% v2022 20% v2022 0.7298 + 0.0035  0.8217 4 0.0009

Semi Supervise 20% v2022 40% v2022 20% v2022 0.7418 £ 0.0021  0.8398 & 0.0013

Semi Supervise 20% v2022 60% v2022 20% v2022 0.7540 + 0.0040  0.8562 4 0.0007

Full Supervise (Current SOTA) 80% v2022 / 20% v2022 0.8074 £+ 0.0010  0.8936 4 0.0011
Semi Supervise (Ours) 80% v2022 100% v2016-e 20% v2022 0.8180 £ 0.0006  0.9004 + 0.0019

Furthermore, we conducted an experiment using a five-fold cross-validation approach,
where four folds were used as labeled data and the fifth fold served as the validation
set. This setup resulted in a murmur score of 0.8074 and an AUC of 0.8936, highlighting
the effectiveness and robustness of the method, and establishing it as the current SOTA
approach in this domain.

To further enhance our semi-supervised learning strategy, we extended our approach
by incorporating both the Physionet 2016 and 2022 challenge datasets. Specifically, we
utilized 80% of the 2022 dataset as labeled data while using the entire 2016-e dataset
as unlabeled data. The remaining 20% of the 2022 dataset was reserved for validation.
This comprehensive configuration led to an improved murmur score of 0.8180 and an
AUC of 0.9004. As shown in Figure 5, our model performs well in detecting murmurs
in both the “absent” and “present” classes. However, it struggles significantly with the
“unknown” class, which is the minority class in our dataset. This poor performance can
also be attributed to the inherent clinical difficulty of the “unknown” class, even for clinical
experts. Compared to the current SOTA model, our model significantly outperformed in
both the present and absent class classifications.

These outcomes clearly demonstrate that our mean teacher method not only delivers
more robust performance but also surpasses the results obtained by solely utilizing the
2022 challenge data. This underscores the effectiveness of incorporating unlabeled data to
achieve a superior overall performance, highlighting the potential of our approach in ad-
vancing murmur detection and enhancing clinical decision-making in cardiovascular health.
Consequently, our method establishes a new SOTA model for PCG murmur detection.

Confusion Matrix of Current SOTA Model Confusion Matrix of Our Model
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Figure 5. Comparison of the confusion matrix between the current SOTA model and our model.
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5. Discussion

While our research demonstrates significant advancements in PCG murmur detec-
tion using a semi-supervised mean teacher method, certain limitations persist. Typically,
semi-supervised learning frameworks are most effective when the volume of unlabeled
data substantially exceeds that of the labeled data. In our study, the volume of unlabeled
data was comparable to that of the labeled data, potentially capping the performance im-
provements that could be achieved. This suggests that acquiring a larger pool of unlabeled
data could further enhance the model performance by better leveraging the strengths of
semi-supervised learning. In our preprocessing strategy, recordings longer than 10 s were
randomly cropped. Incorporating all available 10-second segments and applying additional
data augmentation techniques could help to expand the dataset and improve performance.
Future efforts could also focus on expanding the dataset, particularly with high-quality
unlabeled PCG recordings, to fully exploit the potential of our semi-supervised approach
and push the boundaries of the current SOTA method.

Additionally, the Physionet Challenge 2022 and 2016 datasets may have certain flaws
that need to be addressed. Although expert labels are always considered the ground truths
in our training and validation processes, emerging research has indicated that relabeling
can significantly improve model performance [36]. This insight suggests that expert labels,
while highly reliable, may still contain some inaccuracies that can impact the model’s
efficacy. A potential solution to this issue is to pinpoint ambiguous recordings within
the dataset using the model’s initial outputs. Once these ambiguous cases are identified,
they can be relabeled with the assistance of expert knowledge. By double-checking and
refining the labels, this approach can help to eliminate any discrepancies and improve
the overall quality of the dataset. Besides, previous studies on the Physionet Challenge
2022 primarily concentrated on the performance of the murmur score [4-6,26]. While we
have incorporated AUC performance in our experimental evaluation, other metrics such as
sensitivity and specificity could also be considered for a more comprehensive assessment.
Moreover, using additional high-quality PCG datasets, even simultaneous PCG and ECG
(Electrocardiogram) dataset [37] for multi-signal source training may further elaborate
our model. Finally, traditional murmur detection systems focus primarily on identifying
the presence or absence of murmurs without differentiating their underlying cause or
severity. However, heart murmurs, while indicative of abnormal heart activity, can stem
from a variety of causes. Some of them are benign and others associated with serious
valvular heart diseases such as aortic stenosis or mitral regurgitation. It is crucial clinically
to distinguish between murmurs that are significant and those that are less concerning. As
such, enhancing murmur detection algorithms to automatically classify murmurs based on
their clinical relevance would also mark a significant step forward.

Also, the model’s application to pediatric heart murmur detection and in LMICs
presents certain limitations. As noted by [38], detecting heart murmurs in neonates and
infants poses unique challenges due to the lower amplitude and higher variability of their
heart sounds. Even though the PhysioNet2022 data focus on patients under 21 years
old [9,39], for younger patients and children, the change in PCG signals would post chal-
lenge on our model. In addition, noisy environments are common in low-resource settings,
where medical equipment may not meet optimal standards, can further degrade the model
performance. The significant GPU computational requirements of the current model may
also be difficult to meet in such environments. To address these challenges, future improve-
ments should focus on creating pediatric-specific heart murmur datasets, enhancing the
model’s robustness to noise, and reducing its hardware and computational demands.

6. Conclusions

Our study showcases the mean teacher model in PCG signal murmur detection, achiev-
ing SOTA performance. By integrating both labeled and unlabeled data from the Physionet
2022 and 2016 challenges, we significantly enhanced detection accuracy, culminating in an
impressive murmur score of 0.8180 and an AUC of 0.9004. These results not only affirm
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our model’s superiority over existing methods, but also demonstrate its effectiveness in
managing the sparse datasets typical in medical applications. The study underscores
the critical role of extending the dataset with additional unlabeled data, which is pivotal
in advancing semi-supervised learning to achieve better performance and robustness in
clinical diagnostics. Furthermore, our method provides an accessible, highly accurate,
and cost-effective approach for early-stage CVD diagnosis, especially in LMICs, aiming to
improve clinical equity worldwide.
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Abstract: Ultrasound imaging is widely valued for its safety, non-invasiveness, and real-
time capabilities but is often limited by operator variability, affecting image quality and
reproducibility. Robot-assisted ultrasound may provide a solution by delivering more
consistent, precise, and faster scans, potentially reducing human error and healthcare
costs. Effective force control is crucial in robotic ultrasound scanning to ensure consis-
tent image quality and patient safety. However, existing robotic ultrasound systems rely
heavily on expensive commercial force sensors or the integrated sensors of commercial
robotic arms, limiting their accessibility. To address these challenges, we developed a
cost-effective, lightweight, 3D-printed force sensor and a hybrid position—force control
strategy tailored for robotic ultrasound scanning. The system integrates patient-to-robot
registration, automated scanning path planning, and multi-sensor data fusion, allowing the
robot to autonomously locate the patient, target the region of interest, and maintain optimal
contact force during scanning. Validation was conducted using an ultrasound-compatible
abdominal aortic aneurysm (AAA) phantom created from patient CT data and healthy
volunteer testing. For the volunteer testing, during a 1-min scan, 65% of the forces were
within the good image range. Both volunteers reported no discomfort or pain during the
whole procedure. These results demonstrate the potential of the system to provide safe,
precise, and autonomous robotic ultrasound imaging in real-world conditions.

Keywords: robot-assisted ultrasound imaging; force control for robotic systems; force sensor
design; medical robotics; multi-sensor fusion; ultrasound-compatible phantom design

1. Introduction

Ultrasound imaging, first introduced in the 1940s, has become a widely utilized diag-
nostic modality due to its radiation-free nature, portability, real-time imaging capabilities,
and greater accessibility compared to computed tomography (CT) scans and magnetic reso-
nance imaging (MRI) [1]. However, traditional ultrasonography depends heavily on skilled
operators, resulting in variability in image quality and reproducibility [2]. Additionally,
it poses risks to operators, such as musculoskeletal disorders and increased infection risk
when scanning patients with infectious diseases [3]. Robot-assisted ultrasound imaging
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may addresses these challenges by enabling consistent, precise, and faster scans, reducing
human error and lowering healthcare costs [4] while simultaneously mitigating the risk of
operator injury and infection. A critical factor in advancing robotic ultrasound systems is
the implementation of effective force control, which ensures optimal contact between the
probe and the patient’s body. Excessive contact force can lead to patient injury, whereas
insufficient force compromises image quality [5]. Researchers adopt diverse approaches to
force control in ultrasound robots, involving varying choices of sensors, control strategies,
and implementation methodologies.

Robotic ultrasound systems employ various types of force sensors to ensure precise
and safe interactions between the ultrasound probe and the patient’s body. Among these,
external commercial force/torque sensors are widely used due to their accuracy and
reliability, making them a preferred choice for precise force measurements. For instance,
many systems utilize six-axis force/torque sensors, typically positioned between the robot
arm and the probe, as demonstrated in studies by Merouche et al., Jiang et al., Kim et
al., and Chen et al. [6-9]. Alternatively, some systems adopt different configurations,
such as the approach described by Huang et al., which employs two one-axis sensors
mounted on the front face of the ultrasound probe to measure the contact force between
the probe and the patient [10]. Beyond commercial sensors, custom-built sensors are
also explored. Noh et al. developed a six-axis force/torque sensor using 3D-printing
technology, demonstrating the feasibility of designing sensors tailored to specific tool
shapes and functional requirements; however, this sensor has not yet been validated
in clinical settings [11]. Additionally, certain robotic ultrasound systems utilize built-in
sensors integrated into the robot’s structure, offering a compact and streamlined solution
for force feedback. Examples of such systems are detailed in the works of Goel et al.,
Suligoj et al., Virga et al., and Hennersperger et al. [12-15]. Each type of sensor—whether
commercial, custom-built, or built-in—plays a pivotal role in enhancing the performance
and accuracy of robotic ultrasound systems, with the choice of sensor often guided by the
specific application requirements and system constraints.

The force control strategies for maintaining appropriate contact force during robotic
ultrasound procedures vary across systems, each offering distinct advantages. A common
strategy is applying a constant force, as implemented in [6,9,13]. This approach provides
simplicity and reliability, ensuring uniform probe-patient interaction that supports consis-
tent imaging outcomes and basic patient comfort. Another approach involves maintaining
contact force within a specific range, as seen in [10,15], where the force is dynamically
adjusted to predefined limits. This strategy allows for a balance between safety and ef-
fectiveness by ensuring sufficient tissue contact to capture clear images while preventing
excessive pressure that could lead to discomfort or injury. A more advanced method
is applying a patient-specific contact force, utilized in [7,8,14]. These systems tailor the
force based on real-time feedback, such as ultrasound image quality or confidence maps,
optimizing diagnostic accuracy by adapting to individual patient anatomy and imaging
needs. Each of these strategies reflects a trade-off between simplicity, adaptability, and
personalization in robotic ultrasound applications.

Various force control methods are employed to regulate the interaction force between
the ultrasound probe and the patient, each offering specific advantages. Position control, as
implemented in [6], relies on precise robotic arm movements to maintain the desired force,
providing a straightforward approach for force regulation. Impedance control, highlighted
in [9,13], adjusts the robot’s compliance based on measured forces, enabling safer and more
consistent contact by dynamically responding to force variations. Hybrid position—force
control, used in [8,10,12], combines the strengths of both position and force control to
dynamically modulate the probe’s position and applied force. This approach ensures
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optimal contact with the patient and enhances image quality by balancing movement
precision with force regulation. Compliance control, described in [15], maintains a constant
desired force within a specified range, allowing the system to adapt to varying tissue
characteristics while ensuring both patient safety and imaging accuracy.

In addition to these force control strategies, some studies incorporate additional me-
chanical safety features to limit the maximum force, providing an extra layer of protection.
Housden et al. [16] developed a spring-ball-based mechanical clutch to mechanically
restrict the force to a safe limit. Similarly, Tsumura et al. [17] employed a constant-force
spring mechanism that, combined with a counterweight system, ensures a steady and
limited contact force by offsetting the probe’s weight and directly controlling the applied
force. These mechanical safety features ensure that the interaction force remains within
safe limits, enhancing patient safety during robotic ultrasound procedures.

In conclusion, current robotic ultrasound systems exhibit a diverse range of force
sensors and control strategies. However, most of these systems rely on either standardized
and costly commercial force sensors or the built-in sensors of commercial robot arms. There
is a notable lack of solutions specifically designed for ultrasound scanning that utilize
lightweight and cost-effective sensing systems for custom-made robots, which often lack
sophisticated internal force sensors.

In this paper, we present a solution for automated extra-body ultrasound scanning,
with a comprehensive robot control framework as the core contribution. Supporting
this framework are innovations in sensor design, algorithm development, and validation
through realistic testing, collectively advancing the feasibility of automated ultrasound in
clinical applications. The key contributions of our work are as follows:

(1) Robot Control Framework: The primary contribution of this work is the development
of a comprehensive robot control framework for automated ultrasound scanning. This
framework integrates patient-specific surface-based path planning, operator inputs,
and force-control algorithms, ensuring safe and consistent acquisition of high-quality
ultrasound images. This framework represents a complete and robust solution for
automated scanning in real-world scenarios.

(2) Force Sensor Design: To support the control framework, we designed a compact,
single-axis force sensor using load cells that can be seamlessly integrated into the
ultrasound probe. This sensor is optimized for 3D printing, reducing fabrication costs
while providing reliable and accurate force measurements necessary for implementing
the control algorithms.

(3) Phantom Design: We developed a two-layer abdomen phantom, featuring a stiff inner
layer with an abdominal aortic aneurysm (AAA) and inferior vena cava (IVC) and a
soft adipose-mimicking outer layer. This phantom closely resembles human tissue,
allowing realistic testing of force-control algorithms and ultrasound imaging in a
simulated clinical setting.

(4) System Validation: We validated the system’s performance through both phantom
and healthy volunteer experiments, demonstrating its effectiveness in real-world sce-
narios.

This paper is organized into two main parts: sensor design and characterization,
followed by robot control design and system performance testing. In the methodology
section, Sections 2.2 and 2.5.1 focus on the design and characterization of the custom force
sensor, detailing its mechanical structure, signal processing, and calibration experiments.
Sections 2.3, 2.4, 2.5.2 and 2.5.3 describe the robot control algorithms, phantom design,
and experimental setups for validating the system’s performance. In the results section,
Section 3.1 presents the outcomes of the sensor characterization experiments, including
calibration, accuracy, and performance under real-world conditions. Sections 3.2 and 3.3

80



Sensors 2025, 25, 468

evaluate the robot control algorithms and system performance, showcasing the integration
of force control, path planning, and automated ultrasound image acquisition through both
phantom and volunteer experiments. Finally, Sections 4 and 5 discuss and conclude this
research, respectively.

2. Materials and Methods

The aim of this research is to develop a system for automated ultrasound scanning
of a target region, ensuring consistent force application within a predefined safe range.
To achieve this, we began by implementing system registration and calibration to ensure
precise alignment and tracking between the patient and the robotic system. We then
designed and fabricated a cost-effective, custom-built force sensor tailored for ultrasound
applications. Building on this, we developed a force control strategy to maintain optimal
probe contact during scanning, ensuring patient safety and high-quality imaging. Finally,
we constructed a detailed, ultrasound-compatible phantom as a realistic testing platform to
validate the system’s functionality before advancing to patient trials.

2.1. Robotic System Setup and Workflow

This research advances a dual-arm robotic system, originally developed by our re-
search team at King’s College London, for enhanced prenatal ultrasound screenings as
detailed in [18]. Featuring 17 degrees of freedom, the robot’s end effector is equipped
with an ultrasound holder that mimics the dexterity of a human sonographer’s wrist. It is
controlled through custom software developed in C++ using Qt Creator 8.0.2 (based on Qt
6.3.2, GCC 10.3.1, The Qt Company Ltd., Espoo, Finland). The software not only allows
real-time visualization of the robot’s pose and the patient’s surface mesh but also supports
various control methodologies, including motor and endpoint control. This makes it highly
suitable for both research and clinical applications. Additionally, the system is ethically ap-
proved for abdominal scans, including use with pregnant women. The system incorporates
patient-to-robot registration and real-time movement detection using two 3 cm x 3 cm
AprilTag markers—one placed on the patient and the other on the robot—along with an
Intel RealSense RGB-D camera, as shown in Figure 1. This setup enables the robot to
continuously track the patient’s position and dynamically adjust for any patient movement.
Additional details can be found in our previous work [19].

The general workflow of our current system for autonomous robotic ultrasound
acquisitions is illustrated in Figure 2. The system operates in two main stages: Before
Acquisition and During Acquisition. In the Before Acquisition stage, an external RGB-D
camera captures the patient’s surface information, which enables real-time patient-to-
robot registration using AprilTag markers. This process ensures that the scanned patient
surface aligns correctly within the robot control’s simulation environment, allowing the
sonographer to precisely select the desired scanning region in the software. The robot then
moves to the corresponding location on the patient’s body to perform the scan. During
the image acquisition stage, the robot autonomously follows a scanning path defined by
the sonographer while actively monitoring and adjusting contact force via force sensors.
It dynamically modifies the path in response to patient movement and force feedback,
ensuring safe and accurate image acquisition. Upon completion, the acquired ultrasound
images can be transferred to healthcare professionals or Al-based algorithms for further
assessment, facilitating diagnostic support or advanced analysis.
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Figure 1. Patient-to-robot base registration process, along with three transformations utilized in this
study shown with red arrows, relative marker transformation calculation with the help of the camera

RGB-Depth Camera

\
Marker 1

L

with blue arrows, and final patient-to-robot base transformation with the green arrow [19].
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Figure 2. Workflow for automatic ultrasound image acquisition of the current system. The colorful
path in the "Correct Target Points’ section represents the corrected path plan, with blue indicating the

start and red indicating the stop point. For detailed explanation, see Figure 20.

2.2. Force Sensor Design for Ultrasound Probe Compatibility

2.2.1. Mechanical Structure Design

In most robotic ultrasound systems, the force sensor is typically positioned either at
the probe face to measure the direct force between the patient and the probe [10] or at the
top of the probe [6,7,9], between the robot end and the probe, for ease of mounting on the
robot. However, placing the sensor on the probe face limits the sensor size and can cause
shadowing on the ultrasound image. On the other hand, mounting the sensor at the top of
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the probe leads to indirect and less accurate force measurements due to the complexity of
force transmission.

To overcome these challenges, our goal is to design a round-shaped force sensor that
holds the probe similarly to a human sonographer, inspired by and building upon our
previous model [11]. We aim to create a sensor that is not only affordable and easy to
manufacture but also widely accessible to researchers and industries around the world.
By focusing on a straightforward structure and force-sensing principle, we can ensure
that the sensor is easy to repair if needed. Additionally, since this sensor is intended for
clinical use, it is designed to be robust and capable of long-term operation without failure.
Lastly, the sensor is designed to be adaptable to a wide range of commonly used ultrasound
probe types and robotic systems, ensuring broad applicability for various research and
clinical applications.

To meet these requirements, we have selected the FX29 Compact Compression Load
Cell from TE Connectivity as the basic element. These load cells are cost-effective, readily
available, and can be easily replaced if damaged, avoiding the need to rebuild the entire
sensor. The proposed sensor consists of four parts, as is shown in Figure 3. The left and
right parts are separate to fit the probe, while the upper and lower parts are separate to
facilitate easy replacement of the load cells. The lower part is designed to hold the probe
firmly, with its inner shape derived from the probe’s CT scan. The upper part is designed
to fit the sensor into the robot’s end effector based on the robot’s CAD model. The left-right
and upper-lower parts of the sensor can be easily modified and reprinted to accommodate
different probe shapes and robotic configurations, making the sensor highly adaptable.

b

Load Cells

Left
Parts

Upper
Parts

Special design on
the supporting
cylinders for
joining upper and
lower parts

Lower
Parts

Figure 3. Custom-made force sensor mechanical structure design. (a) Left and right parts are
separate to fit the ultrasound probe; (b) upper and lower parts are separate for easy replacement
of the load cells; (c) complete sensor structure with probe and load cells; (d) special design on the
supporting cylinders.

The load cells are evenly distributed on the lower plate, providing a stable structure.
Eight cylinders extend from the top half; four are designed to push the load cells at their
centres, with lengths matching the upper and lower gap to prevent undue pressure on the
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load cells when unloaded. The remaining four cylinders are supporting cylinders with
tiny bulges at their ends (Figure 3d). By applying pressure, these supporting cylinders fit
securely into corresponding holes in the bottom plate, ensuring that upper and lower parts
fit together during scans. The holes for the supporting cylinders are designed to be 2 mm
deeper than the cylinders themselves. This 2 mm gap exceeds the maximum deformation
expected in the load cells, allowing the supporting cylinders to move freely downward
under pressure without transferring force. The entire sensor structure is fabricated using
3D-printed PLA material, optimizing for both function and manufacturing efficiency.

The sensor is calibrated as a single-axis force sensor, meaning it only measures forces
perpendicular to the plane of the four load cells. The total force (F;) is computed by sum-
ming the readings from the four load cells. This calibration ensures accurate measurement
of vertical forces, which is used in subsequent force-control algorithms.

2.2.2. Force Sensor Signal Processing

In this research, we implemented a load cell system using four load cells with 12C
communication, each with four wires: power, ground, clock, and data. The load cells were
assigned unique 12C addresses and connected to a shared I2C bus using ribbon cables for
improved organization and reliability. The system features a custom-made printed circuit
board (PCB) equipped with pull-up resistors and a zero (tare) button, which is crucial for
calibrating the load cells before operation (Figure 4b). The I2C signals are processed by a
Teensy 4.1 microcontroller (PJRC, Sherwood, Oregon, USA) housed in a custom 3D-printed
enclosure mounted beneath the robot arm (Figure 4c). The Teensy 4.1 reads the load cell
data from the PCB and transmits them to the robot’s main microcontroller for force control.
This setup not only ensures seamless integration of load cell data with the robot’s control
system but also allows for easy replacement of damaged load cells and direct signal access
for debugging purposes (Figure 4d).

"M

mﬂ“

Custom-
designed PCB
for signal
integration and
baseline (zero)
calibration

Force sensor
with load cells

USB cable of Teensy 4.1, only used when

‘Plrect sensor S|gnal is needed.

Figure 4. Force sensor signal processing setup. (a) Front view of the force sensor with integrated load
cells. (b) Back view of the force sensor showing the custom-designed printed circuit board (PCB)
for signal integration and zero calibration, along with two 4-pin input cables (each carrying signals
from two load cells) and a 6-pin output cable connected to the Teensy 4.1. (c) Bottom view of the
3D-printed box for the Teensy 4.1 board, with sensor signal and robot master cables. (d) Top view
of the Teensy 4.1 box, highlighting the USB cable used for direct sensor signal access when needed
for debugging.
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2.3. Robot Control Algorithm Design
2.3.1. Force Control Strategy Design

To ensure safe and effective scanning, we implemented a force control strategy that
dynamically adjusts the probe’s position to maintain the contact force within a patient-
specific, predefined range. This range is designed to balance safety and image quality
during extra-body ultrasound procedures. The “force” referred to here is (F), the total
vertical force calculated as the sum of the four load cells, as described in Section 2.2.1.

Our system employs a proportional (P) control strategy, a simple yet effective approach
for maintaining consistent force. The system continuously monitors the contact force and
calculates the deviation from the desired range. If the current force is within the range, no
adjustment is needed. However, if the force exceeds or falls below the desired range, an
adjustment is applied to the probe’s position to correct the error.

The adjustment distance, dagjusted, is calculated as:

dadjusted = deurrent + kp * Ferror

where Ferror represents the deviation from the target force range, and k), is the proportional
control coefficient tuned based on the softness of the tissue. Softer tissues require higher k,
values for greater sensitivity to force changes, while firmer tissues require lower k, values
to prevent overcorrections.

To enhance the system’s precision, the robot calculates the normal direction of the
surface at each contact point. Adjustments to the probe’s position are made along this
normal direction, ensuring that the ultrasound probe maintains optimal alignment with
the scanning surface. The new target position is determined as:

TargetPosition = SurfacePointPosition + TargetSurfaceNormal - d,gjusted

2.3.2. Path Planning

To achieve a higher level of automation, we equipped our robot with autonomous
scanning path planning, implementing two distinct methods: direct path planning and
area coverage path planning.

We first designed a user interaction interface to enable users to select path points
and save them in sequence. The interface, shown in Figure 5, includes a 3D model of the
patient’s abdomen and a simulated robotic arm, facilitating intuitive interaction. Using the
Visualization Toolkit 7.1 (VTK) in the C++ library, we created an interactive window that
visualizes the path point selection process.

In direct path planning, users manually select specific points on the 3D model by right-
clicking on the desired locations. For each selected point, the system retrieves its 3D pose as
a4 x 4 transformation matrix, which encodes both the position and orientation information.
These poses are stored sequentially to define a predefined scanning path. A red sphere
visually marks the selected points on the 3D model, providing immediate feedback to the
user, as shown in Figure 5a. This method is particularly suitable for small scanning areas
with clear anatomical landmarks, such as the belly button or nipples, allowing for precise
path customization.

In area coverage path planning, users define a rectangular scanning region by clicking
and dragging the mouse over the desired area on the model. This action prompts VIK to
capture the start and end points of the drag, which are then used to compute the four corner
coordinates of the rectangle (Figure 5b). Based on these coordinates and the size of the
ultrasound probe, a serpentine (zig-zag) path is generated to ensure complete coverage of
the selected region. These path points are automatically calculated and stored in sequence
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for the robot to follow during scanning. This method is particularly advantageous for

larger regions without clear anatomical landmarks, offering a more automated solution.
By integrating path planning with force control, the robot dynamically maintains safe

and accurate alignment with the surface during scanning, ensuring optimal image quality

and patient safety.
5 y
Ultrasound Robot Control - o x Ultrasound Robot Control - a x
a File Control Dev b File Control Dev
I
Components Components
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Motors: Connect OK Motors: Connect OK
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\

Figure 5. User interface for two path planning methods: (a) direct path planning method; (b) area
coverage path planning method.

2.4. Tissue-Mimicking Phantom

To validate the force control mechanism of the robot, an abdominal phantom was
developed. This model is critical for assessing abdominal aortic aneurysm (AAA), combin-
ing an idealized AAA model and an inferior vena cava (IVC) based on published vessel
measurements from computed tomography and ultrasound scans. The abdomen phantom
includes a stiffer layer containing the AAA and IVC, along with an outer adipose tissue
layer to interact with the robotically controlled ultrasound (US) probe (Figure 6a).

Three-dimensional models of the lumens of the AAA and IVC were created based
on aggregate dimensions from CT scan measurements. Models were 3D-printed using a
desktop fused filamented fabrication printer. The AAA and its branches were printed in
polyvinyl alcohol (PVA), a water-soluble synthetic resin, while the box and the unbranched
IVC were printed in polylactic acid (PLA). Both pieces were coated with epoxy resin to
create a smooth surface finish.

To create the stiffer inner layer of the phantom, a polyurethane rubber, Vytaflex 20
(Smooth-On Inc., Macungie, PA, USA), was chosen due to its Shore hardness of 20A and
elastic modulus of E = 337 kPa. The urethane rubber was degassed in a vacuum chamber to
eliminate air bubbles—a process essential to minimizing artefacts in imaging. The mixture
was then poured into the box until the AAA and IVC lumen models were just covered and
left to cure.

Following curing, the PVA model was dissolved in a heated and stirred water bath.
The PLA model was removed by applying force to one end of the model.
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Figure 6. Ultrasound-compatible abdominal aortic aneurysm phantom: (a) external appearance and
(b) ultrasound visualization of internal structures. The vertical dotted line in (b) represent a depth
scale bar, with each segment indicating 1 cm.

To make the phantom more realistic to human abdomen tissue, the outer adipose layer
simulating subcutaneous fat was added. A mixture of BJB F116 and BJB SC22 polyurethane
rubber (BJB Enterprises, Tustin, CA, USA) was used, resulting in a flexible, realistic layer
with a shore hardness of 00-15.

An ultrasound image of the phantom is shown in Figure 6b. For optimal imaging,
ultrasound gel was applied between the two layers, and the phantom was submerged in
water to a level above the vessels and below the probe. Scanning was performed using an
EPIQ 7G Philips ultrasound machine (Bothell, WA, USA) and the Philips X6-1 ultrasound
probe, optimized for abdominal imaging with a frequency range of 6-1 MHz. Minimal
force was applied to the probe, which was sufficient to clearly delineate the boundaries of
the two embedded vessels, mimicking realistic visualization conditions.

The ultrasound image reveals distinct vessel boundaries with minimal signal artefacts,
indicating an effective simulation of abdominal structures. The contrast and clarity in the
image suggest that the phantom’s materials and layer composition are appropriate for
testing the force control and imaging capabilities of the robot, especially for applications
like AAA assessment. This setup provides a reliable platform for evaluating the interaction
between the robotically controlled ultrasound probe and simulated soft tissue, enhancing
the realism and utility of the testing environment.

2.5. Experimental Design and Setup

This section outlines the design and setup of experiments conducted to validate the
system’s performance, focusing on sensor accuracy and robotic control. The force sensor
testing experiments ensured the reliability of the custom-designed sensor when integrated
with the robotic system. The force-control algorithm testing experiments were designed
to validate the robot’s ability to maintain target forces during sweeping motions, a key
factor for ensuring patient safety. Finally, the automated ultrasound image acquisition
experiments on phantom and volunteer subjects were designed to validate the system’s
ability to acquire clear, clinically usable images under real-world conditions, such as patient
breathing and varying tissue properties.

2.5.1. Experimental Setting for Force Sensor Calibration and Performance Evaluation

As mentioned in Section 2.2.1, four load cells are evenly spaced on the same level and
positioned on the lower part of the force sensor. As the four load cells share the total Z-axis
force, the final sensor reading is obtained by summing the individual readings from each
load cell. The force sensor calibration was conducted by applying known weights ranging
from 0 g to 3500 g in increments of 500 g (Figure 7a). For each weight, the corresponding
sensor readings were recorded. The calibration function was determined by calculating the
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linear fit of the sensor’s raw data against the known weights. After deriving the calibration
function, the sensor’s accuracy, stability, and hysteresis were evaluated through further
testing. To assess stability, known weights were applied to the sensor and held for 5 s,
during which all sensor readings were recorded. The standard deviation of these readings
was calculated to quantify the sensor’s stability. Accuracy was evaluated by averaging the
sensor’s readings over the same period and comparing the result with the applied weight.
Finally, hysteresis testing involved sequentially applying and removing weights one by
one over five cycles. The sensor readings during the loading and unloading phases were
compared to identify any discrepancies or lag in the sensor’s response.

Robot's "Hand"

Custome-made
Force Sensor

LCustome-made Force Sensor

Figure 7. Sensor calibration and performance assessment: (a) on its own with known weights; (b) on
the robot with an ultrasound probe and commercial force sensor.

We designed another experiment to test the sensor performance under the real ultra-
sound scanning scenario. In this experiment, the sensor was mounted onto the robot’s
end effector to assess its performance under real ultrasound scanning conditions. In this
experiment, the force applied by the robot arm was unknown, so an ATI Mini40 force
sensor (ATI Industrial Automation, Apex, NC, USA) was used as a reference. As shown in
Figure 7b, the ATI sensor was securely mounted on a custom-designed support platform
to ensure stability and prevent slippage. The robot arm was positioned at various angles
along different axes, including both in-plane and out-of-plane rotations, to push the ATI
sensor and mimic real ultrasound scanning scenarios. A total of 32 poses were tested
to evaluate the performance of our custom-designed force sensor. These poses included
straight pushes along the Z-axis, lateral angles ranging from —25° to +25° in increments of
5°, elevational angles from —25° to +25° in 5° increments, and axial rotations from —60°
to +60° in increments of 20°. Because the ATI sensor measures force along the global
Z-axis, while our custom sensor measures force relative to the ultrasound probe’s axis, we
calculated the projected force component on the global Z-axis for comparison with the ATI
readings. It is important to note that the ATI sensor’s readings include the weight of the
probe and the sensor itself, in addition to the force applied by the robot arm. These weights
were premeasured and subtracted from the ATI’s readings.

2.5.2. Experimental Setup for Force-Control Algorithm

In order to verify the usability and reliability of the surface force-following mode
in the Z direction, we designed a platform for conducting the standalone force control
experiment, as shown in Figure 8. The whole experiment was divided into the following
steps: (1). One AprilTag marker and an ATI sensor were securely mounted on a 3D-printed
platform, with the sensor fixed using screws. Another AprilTag marker was attached to the
robot arm. (2). A depth camera was used to collect the pose data of the AprilTag markers
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on the platform and on the wrist of the robot in real time. (3). The platform was moved
up and down by hand and we observed whether the robot follows the movement of the
platform. In this process, we set the desired force range to be 3-6 N. (4). We observed the
sensor data, i.e., the change in contact force, during the control of the platform moving up
and down, and tried to keep the force values at less than 3 N, 3 N-6 N, and more than 6N,
each for a certain period of time.

Custom designed
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Figure 8. Experimental setup for validating the surface force-following algorithm in the Z-
direction using an ATI force sensor, a 3D-printed framework, and two AprilTag markers used for
position registration.

To assess the surface force-following function with the path-planning algorithm, we
performed an automated scan on our AAA phantom (without the adipose layer). Initially,
the 3D surface of the phantom was scanned and imported into the software. Users can
employ the two-point rectangle method to manually select the upper-left and lower-right
corners of the rectangle, after which the software automatically calculates the remaining
two corners to define the full scanning area, as shown in Figure 9. The robot was pro-
grammed to execute a full-coverage scan within this designated area, aiming to maintain a
consistent contact force ranging between 3 N and 6 N throughout the process. This force
range was manually set to ensure optimal contact between the probe and the phantom
surface. However, since the ideal force range varies among individuals, this range will be
adjusted accordingly for volunteer scans.

AprilTag marker used
for system registration

Area select start point
(manually selected)

Computed corner points

Area select end point
(manually selected)

3D surface of the phantom

Robot arm with probe

Figure 9. Selected area on abdominal phantom in simulation window.
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2.5.3. Experimental Setup for Automated Ultrasound Image Acquisition

Following the successful validation of the integrated functionality of the path-planning-
based force-control algorithm, the system was deemed ready for automated ultrasound
image acquisition using a real ultrasound probe. The setup for this acquisition process is
illustrated in Figure 10. To mimic clinical imaging conditions and minimize surface friction,
the AAA phantom was submerged in water, which eliminated air bubbles that could
interfere with ultrasound signal transmission. The water level was carefully maintained
below the ultrasound probe to ensure smooth probe movement without submerging the
probe. Ultrasound gel was also applied between the probe and the phantom to ensure
optimal contact. The custom-designed force sensor securely housed the ultrasound probe
and was mounted on the robot’s end effector. Two AprilTag markers and one external
camera were used to register the phantom with the robot. A standby operator was standing
near the robot and phantom to monitor the entire process, ready to press the emergency
stop button if necessary. For added safety, this emergency stop button will be given to
volunteers or patients in human trials.

Realtime Ultrasound
image of the phantom

EPIQ 7G Ultrasound — 7 P

machine by Philips ’ peratcir -~ ‘

—

Figure 10. Automated ultrasound image acquisition on phantom experiment setup.

The phantom test procedure follows the same methodology as in Section 2.5.2, where
the robot autonomously plans its path to cover the user-defined region while maintaining
applied force within a specified range. In this experiment, however, our primary focus
shifted to evaluating the system’s ability to acquire ultrasound images and analyzing the
image quality obtained under varying force levels.

Lastly, we conducted volunteer tests to evaluate the system’s performance under
real-world conditions, including patient breathing and variations in tissue stiffness. We
obtained ethical approval from the King’s College London local ethics committee to test
our robotic ultrasound system on volunteers for general abdominal scans (study title:
Investigating Robotic Abdominal Ultrasound Imaging, study reference: HR-22/23-5412).
Although our long-term goal is to develop a universal automatic ultrasound scanning
protocol, this study first focused on the imaging of the abdominal aorta and common iliac
arteries as an initial application due to the relatively straightforward motion planning
requirements.

Two volunteers with different body shapes participated in the study: Volunteer 1 with
a body mass index (BMI) of 21 and Volunteer 2 with a BMI of 33. The experimental setup,
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illustrated in Figure 11, was similar to the phantom test. In this configuration, the volunteer
lay on a bed, with the RGB-D camera and robot positioned on their left side. The robot
held an ultrasound probe connected to the ultrasound machine, which was located on the
volunteer’s right side. The ultrasound system used was the Philips EPIQ 7G paired with
the X6-1 probe (Philips Healthcare, Amsterdam, Netherlands), consistent with the phantom
test setup. For safety, each volunteer was provided with an emergency stop button to hold
during the procedure. If pressed due to discomfort, the robot’s power was immediately cut

off, halting all operations to ensure the volunteer’s safety and comfort.

Figure 11. Setup for automated ultrasound image acquisition in healthy volunteer tests: (a) Volunteer
1 with BMI = 21, (b) Volunteer 2 with BMI = 33.

The volunteer test consisted of three distinct stages: (1) a manual scan performed
by the operator, (2) a robotic scan conducted at the same position with varying levels of
applied force, and (3) an automated robotic sweep designed to cover the entire region
of interest.

Unlike scanning a phantom, which contains only two vessels and is composed of
materials specifically designed for ultrasound imaging, the anatomy of the human abdomen
is far more complex and varies between individuals. Therefore, the initial step is to locate
the abdominal aorta or the common iliac arteries for each volunteer. To achieve this, we
performed a freehand ultrasound scan. The scan is conducted exclusively in the transverse
plane (where the aorta appears as a circular structure in the ultrasound image), as the
diameter of the aorta is a critical criterion for detecting aneurysms. We initially positioned
the probe on the volunteer’s abdomen, several centimetres to the left of the umbilicus.
In the resulting ultrasound image, the top corresponds to the volunteer’s skin surface,
while the bottom represents the spine and posterior structures. There are a number of
key features used to identify the aorta. It appears as a circular structure with bright walls
and a dark lumen. This is distinguished from the inferior vena cava (IVC), which has
thinner walls and therefore appears less bright. The IVC is also less circular than the aorta
due to the thinner walls and reduced intraluminal pressure (Figure 12a). This distinction
can be further confirmed by the pulsing motion observed in B mode in the aorta, which
is particularly clear in slimmer individuals. The pulsatile nature of the aorta can also
be demonstrated with colour and spectral Doppler (Figure 12b), which contrasts to the
respiratory modulated phasic flow demonstrated in the IVC. Anatomically, the aorta is
situated just superficially to the spine, and to the left of the IVC. The spine appears as a
curved structure at the bottom of the image, with a bright boundary and dark interior.
Throughout this process, the sonographer must also adjust the ultrasound machine settings,
including gain, depth, and focus, to optimize the image quality. These parameters are
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patient-specific and are carefully fine-tuned to ensure clear visualization of the aorta and
surrounding structures.

TIS0.2 MI0.9 TIS1.2 MI0.7
C5-1

patient's Depth ~ = Depth;
left side o~ Scale - #  Scale -

,};//B Y

Scale
Bar

G
36mmis

Figure 12. Abdominal aorta and iliac artery localization in volunteer testing: (a) B—mode image
of the abdominal aorta annotated by a clinical vascular scientist (Volunteer 1) and (b) pulsed wave
Doppler of the iliac artery (Volunteer 2).

After identifying the location of the aorta or iliac artery, the next step was to deter-
mine the optimal force range required to acquire high-quality ultrasound images for each
volunteer. This force range was later used during the automatic scanning process. In this
step, the ultrasound probe was mounted on the robot, and the system was operated in
“kinematics control” mode to vary the probe’s depth in the Z-direction. Force values and
their corresponding ultrasound images were recorded across a range of forces, from 2 N
(representing minimal full contact) to 10 N. The results are presented in Figure 13. For
Volunteer 1 with BMI = 21, optimal image quality was observed within the force range of
3-6 N. For Volunteer 2 with BMI = 33, optimal images appeared at 4-10 N. However, to
balance image quality with patient comfort, the desired force range for automatic scanning
was set to 4-7 N. As the applied force increases, depth to the centre of the aorta/iliac artery
decreases. This occurs because the increased force causes the abdominal tissue to deform
downward, compressing and displacing any gas pockets, which brings the probe closer to
the aorta/iliac artery.

The third step mirrored the process used in the phantom test: selecting a region of
interest within the robot control software and allowing the robot to automatically scan
that area while maintaining the applied force within the predetermined range. For both
volunteers, the region around the umbilicus was selected, with efforts to position the

manual scan point at the centre of the targeted area.

Ul d images of vol 1
d images of voll 2
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Figure 13. Ultrasound images acquired by the robot at different force levels: Volunteer 1’s abdominal
aorta (yellow border) and Volunteer 2’s iliac artery (blue border). The vertical dotted line in all the
ultrasound images represent a depth scale bar.
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3. Experiments and Results

This section mirrors the structure outlined in Section 2.5, presenting the corresponding
results of the experiments described earlier. It systematically reports the outcomes of
force sensor accuracy testing, the performance of the force-control and path-planning
algorithms, and the system’s capability to acquire ultrasound images on both a phantom
and a healthy volunteer.

3.1. Force Sensor Testing Experiments and Results
3.1.1. Sensor Calibration and Sensor Performance Using Known Weights

Table 1 provides the results of the force sensor’s calibration and performance evalu-
ation. The Measured Weight column lists the force values recorded by the sensor when
known weights were applied, showing close agreement with the ground truth across all
tested weights. The Avg. Error (N) and Avg. Error (g) columns show the average deviation
between the measured weight and the ground truth, which ranges from +0.015 N (1.5 g) at
4.907 N to +0.18 N (18.3 g) at 0 N, with no noticeable trend as the applied weight increases.
Accordingly, the Percentage Error column expresses the average error as a percentage of
the ground truth, ranging from 0.1% at 34.349 N to 0.69% at 19.628 N, showing relatively
consistent accuracy across the weights. The STD (N) column represents the standard devia-
tion of sensor readings over 5 s, which increases with the applied weight, from 0.006 N at
0N to 0.17 N at 19.628 N, reflecting a slight decrease in stability with higher forces. Overall,
the results demonstrate the sensor’s reliable accuracy and stability across the tested weight
range, with only minor variations.

Table 1. Accuracy and stability test results using known weight.

Ground Truth x:;gs;;red Avg. Error (N) Avg. Error () E::(c):ntage STD (N)
0N 0.18 N +0.18 N 183 ¢ 0.31% 0.006 N
4907 N 4922 N +0.015N 15¢g 0.31% 0.031 N
9.814 N 9.840 N +0.026 N 27¢g 0.26% 0.049 N
14721 N 14.815 N +0.094 N 96¢g 0.64% 0.155N
19.628 N 19.764 N +0.136 N 137 g 0.69% 0.17N
24535 N 24.653 N +0.118 N 120¢g 0.48% 0.065 N
29.442 N 29.581 N +0.139 N 142¢ 0.47% 0.124 N
34.349 N 34313 N —0.036 N 37¢g 0.1% 0.14N

As shown in Figure 14a, the sensor exhibited excellent linearity, achieving an R2
value of 0.9994. Additionally, the hysteresis behaviour, illustrated in Figure 14b, was
minimal, with the hysteresis loops nearly overlapping across all five testing cycles. Figure
15 provides separate hysteresis maps for the five testing cycles, offering a detailed view
of the sensor’s performance in each cycle. The maximum observed deviation was 0.19 N
during the third cycle, which corresponds to only 0.52% of the full-scale output. This small
deviation demonstrates the sensor’s high precision, repeatability, and consistency across
multiple testing cycles.
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Figure 14. Performance testing of the force sensor using known weights: (a) linearity and cali-
bration equation relating sensor raw data to ground truth and (b) hysteresis evaluation over five
loading-unloading cycles, comparing input and measured weights. The five colored lines overlap,
resulting in a single visible black line. Detailed zoomed-in graphs are provided in Figure 15.
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Figure 15. Separate hysteresis maps for five cycles with zoomed-in largest hysteresis points high-
lighted in the orange rectangle.

3.1.2. Sensor Performance on Robot Under Real-World Scenario

The root mean square error (RMSE) between our sensor readings and those from the
ATI sensor was 0.71 N, with a standard deviation of 0.70 N. Some error may be attributed to
slight deformation of the robotic arm under higher force levels, which can alter the effective
pushing angle from the preset values. Despite this potential source of variation, a strong
linear correlation was observed between the two sensors, as shown in Figure 16, with
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an R? value of 0.97. This high correlation indicates that our sensor can reliably measure
the force exerted by the ultrasound probe on the patient across a range of pressures and
poses. The error observed remains within the tolerance required for safe and effective
abdominal scanning.

15

Custom-made Force Sensor (N)

’ O Data points
Linear fit of the data points
, =AER==

0 5 10 15
ATI Commercial Force Sensor (N)

Figure 16. Correlation between the ATI commercial force sensor readings (x-axis) and our custom-
made ultrasound force sensor readings (y-axis). Each blue point represents a measurement instance
where the same force was applied to both sensors. The red solid line indicates the linear fit of these
data points, while the blue dashed line represents the ideal 1:1 correspondence (y = x) between these
two sensors.

3.2. Force-Control Testing and Experiments
3.2.1. Standalone Experiment on Force Control

To evaluate the sensor performance in real force-control scenarios, we cross-validated
the ATI sensor readings on the platform with those of the force sensor integrated into
the ultrasound probe, as shown in Figure 17. The comparison reveals a good agreement
between the two sensors, particularly when contact forces are low; both sensors produce
nearly identical readings under these conditions. As the contact force exceeds 8 N, a slight
discrepancy emerges, with the ATI sensor registering slightly higher values than the custom
force sensor. This minor difference is likely due to the custom sensor measuring force along
the Z-axis of the ultrasound probe. At higher forces, any tilt in the platform may introduce
a misalignment between the probe’s axis and the true force direction, resulting in a slight
underestimation by the custom sensor. This alignment under complex conditions suggests
the robustness of our force sensor in measuring contact forces accurately.

Next, we plotted the Z-coordinate trajectories of both the robot arm and the platform
in the camera coordinate system, as shown in Figure 18. Throughout the process, the gap
between the two positions consistently remained at 80 mm (+10 mm), which corresponds to
the vertical distance between the two markers when the robot arm and the ATI sensor are
in proper contact. This consistency demonstrates the robot arm’s ability to move upward
under high force and downward under low force, effectively tracking the platform’s vertical
movement. However, around the 65-second mark, a rapid decrease in the platform’s Z-
coordinate led to a significant delay in the robot’s response, with the gap exceeding 90 mm.
This discrepancy is attributed to the fixed proportional gain in the hybrid force-position
control, which limits the robot’s ability to adjust its response rate to rapid changes in force.
Consequently, when the platform descends quickly, the robot is unable to immediately
follow. Additionally, occasional zero-force readings were observed due to electromagnetic
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interference from nearby motors. However, the control software is programmed to ignore
these sporadic readings, ensuring they do not affect the robot’s performance.
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Figure 17. Force comparison between custom-made force sensor and ATI force sensor.
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Figure 18. Force sensor data, platform position, and robot position over time.

3.2.2. Combined Path-Planning and Force-Control Experiment on Phantom

For the combined path-planning and force-control experiment, the recorded force
sensor data, as illustrated in the upper graph of Figure 19, reveal the variations in the
probe—surface contact force during the area coverage scan. During the scan, the force-
control system dynamically adjusts the probe’s contact force in real-time as it follows the
designated path, operating continuously alongside path planning. As the robot approaches
each new point on the path, the system compensates for variations in distance, trying to
maintain the force within the target range. Throughout the process, the force fluctuates
between 0 and 12 N, generally increasing when below 3 N and decreasing when above 6 N.
The standard deviation of the force values is 1.9 N.
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Force Value Over Time on Phantom Without Adipose Layer
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Figure 19. Force values and distributions in the combined path-planning and force-control experiment
on phantom without adipose layer. The top subfigure shows force variation over time, with 3 N and
6 N thresholds marked; the middle subfigure depicts the force value distribution, highlighting ranges
below 3 N, 3-6 N, and above 6 N; and the bottom subfigure displays the time proportion within each
force range. Red, green and blue colours in the middle and buttom graphs match with each other.

Analysis of the force sensor data distribution, as shown in the lower two graphs of
Figure 19, reveals two prominent peaks around 3 N and 6 N, indicating that these force
values are commonly maintained during the scanning process. Outside the optimal 3-6 N
range, the distribution density decreases, suggesting that the system spends less time at
force values beyond this interval. This pattern highlights the force control system’s stability
within the target range. Additionally, the pie chart shows the distribution proportions, with
a49.3% probability of the force being within the optimal 3-6 N range and a 93.7% probability
of it remaining within the broader 1-8 N range. However, there are instances where the
force spikes to higher values, such as around 21 s and 40 s. This occurs because the material
was too rigid, making precise force control more challenging. In Sections 3.3.1 and 3.3.2,
subsequent tests conducted on softer tissues, including the phantom with an added adipose
layer and healthy volunteers, demonstrated smoother and more stable force readings.

To validate the path planning, we first scanned the phantom using RGB-D data,
obtaining the abdominal phantom surface in the camera coordinate system. By tracking the
AprilTag marker on the robot arm and applying the transformation matrix from the arm to
the probe’s face centre, we monitored the probe centre’s movement in real time within the
camera coordinate system. Overlaying the phantom surface and probe trajectory data on
the same graph provided a clear visualization of the ultrasound probe’s movement across
the abdominal phantom, enabling a detailed assessment of path accuracy and coverage, as
shown in Figure 20.

The probe follows the anticipated trajectory, moving back and forth between the upper
and lower boundaries of the rectangular scan area to achieve full coverage. Although only
the centre point of the probe’s trajectory is plotted, the probe’s width, exceeding 15 mm,
ensures complete area coverage in practice. The probe paths were not perfectly parallel
because slight tilting occurred due to friction between the probe and the phantom surface
during movement, as well as adjustments made in response to real-time force readings.
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Figure 20. Probe’s 3D trajectory and the phantom surface visualization in the real-world coordi-
nate system. The abdominal phantom surface is represented as a black grid and the probe centre’s
3D trajectory during the scanning process is colour-coded by time, transitioning from blue (start)
to red (end).

3.3. Automated Ultrasound Image Acquisition
3.3.1. Phantom Tests

The image acquisition test followed a similar protocol to the standalone force-control
experiments, so we used the same data analysis method to evaluate the force during the
scan, as shown in the upper graph of Figure 21. In this experiment, 57.0% of the applied
forces fall within the 3-6 N range, while 98% of forces remain within a +2 N range (1-8
N). The standard deviation of the force readings is 1.59 N, which is lower compared to
readings without the fat layer and ultrasound gel.

Figure 22 displays the ultrasound images acquired by the robot during the automatic
sweep under varying force levels. Overall, the robot successfully generated clear abdominal
aorta ultrasound images without human intervention. In these images, vessel walls appear
as bright circular shapes, with water inside the circle and the surrounding area comprised
of the phantom material (polyurethane). The smaller vein consistently appears clearer than
the larger aorta, likely because it is closer to the phantom surface and, therefore, undergoes
less attenuation.

We recorded the applied force for each ultrasound image and observed that the clearest
images were obtained at force levels of 5 N and 6 N, while forces outside this range resulted
in reduced image quality. The decline in quality at higher forces may be due to deformation
of the phantom, impairing contact between the probe and the surface or compressing the
embedded vessels—an issue unlikely to occur in real participants. In human subjects, signal
strength and image clarity typically improve with increased force as the distance to the area
of interest decreases and attenuation is reduced. However, excessive force can introduce
artefacts and discomfort. To better understand this force-image relationship, we propose
measuring the distance to the centre of the abdominal aorta (derived from the ultrasound
depth scale) as a metric correlated with probe force and image quality in future human
trials. These preliminary phantom tests demonstrate the robot’s ability to autonomously
acquire high-quality abdominal aorta images, laying a foundation for further studies to
optimize the balance between image quality, patient comfort, and operator considerations
in clinical settings.
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Figure 21. Force values and distributions in automated ultrasound image acquisition experiment on
phantom with adipose layer. The top subfigure shows force variation over time, with 3 N and 6 N
thresholds marked; the middle subfigure depicts the force value distribution, highlighting ranges
below 3 N, 3-6 N, and above 6 N; and the bottom subfigure displays the time proportion within each
force range. Red, green and blue colours in the middle and buttom graphs match with each other.

Figure 22. Ultrasound images acquired by robot at varying force levels on AAA phantom.

3.3.2. Volunteer Tests

The system successfully captured clear images of the abdominal aorta for both vol-
unteers with different body shapes, which were reviewed by a registered clinical vascular
scientist (HCPC CS20525) with 10 years of vascular ultrasound experience. Example images
are presented in Figure 23.

Figure 24 illustrates the force readings and distributions recorded during automated
ultrasound scans on two volunteers. The duration of each scan varies depending on the size
of the selected region. The top graphs for both volunteers show a characteristic oscillatory
pattern because of breathing motion, which was not observed in phantom tests. Regarding
force distribution, Volunteer 1 demonstrated a lower proportion of forces within the desired
range (39.6%) compared to Volunteer 2, where 65.1% of the forces fell within the target
range. This difference can be explained by the higher BMI of Volunteer 2, where increased
body fat and softer tissue facilitated smoother force control. The standard deviation of
the forces further supports this observation, with Volunteer 1 exhibiting a higher standard
deviation of 2.1 N compared to 1.6 N for Volunteer 2. The greater variability in Volunteer
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1’s force readings is also attributed to the relatively firmer tissue, which made consistent
force application more challenging. Nevertheless, the majority of force readings for both
volunteers were within the +2 N range, accounting for 93.1% and 96.7% of the forces for
Volunteer 1 and Volunteer 2, respectively. The minor deviations outside this range primarily
occurred at the beginning of the scan, as the robotic system transitioned from zero force
to establishing surface contact. This is evident in the initial segments of the force value
graphs. Throughout the scans, both volunteers reported no discomfort or pain.
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Figure 23. Abdominal aorta ultrasound images acquired by the robotic system: (a) Volunteer 1’s orig-
inal image; (b) Volunteer 1’s images annotated by registered clinical vascular scientist; (c) Volunteer
2’s original image; (d) Volunteer 2’s images annotated by registered clinical vascular scientist.
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Figure 24. Force values and distributions in automated ultrasound image acquisition experiment on
two volunteers. Red, green and blue colours in the middle and buttom graphs match with each other.

4. Discussion

In this study, we developed a compact, single-axis ultrasound probe force sensor
and implemented an automated ultrasound acquisition method for AAA using a custom-
designed ultrasound robot. By combining path-planning with surface force-following
control, the system enables full-coverage scanning within a defined area while maintaining
a consistent force range, demonstrating promising potential for safe and effective robotic
ultrasound scanning.

The custom-designed force sensor offers multiple advantages for robotic ultrasound
applications. It is inexpensive and easy to manufacture with 3D printing, making it
accessible for research and clinical use worldwide. Additionally, the sensor’s round shape
and probe-holding mechanism mimic the grip of a human hand, ensuring stable contact.
Sensor performance tests revealed high linearity and accuracy, with minimal hysteresis,
indicating that the sensor is well suited for abdominal scanning. Experiments demonstrated
that the force-control algorithm effectively responds to platform movements, maintaining
a consistent distance between the markers on the robot’s wrist and the platform while
dynamically adjusting the probe’s position to ensure optimal force application.

Integrated experiments combining force-following control with path planning vali-
dated the system’s ability to maintain a stable scanning trajectory while keeping contact
force within safe thresholds, which is critical for patient comfort and safety. Additionally,
it successfully acquired diagnostically usable abdominal aorta ultrasound images from
two volunteers with different body shapes, demonstrating adaptability to variations in
tissue properties and body composition. This adaptability marks a crucial step toward
expanding the use of robotic ultrasound systems across diverse patient populations in
healthcare settings.

Despite its advantages, the current sensor design has limitations. It measures force
along only a single axis, limiting its ability to detect angular misalignments. To address this,
future iterations should explore multi-axis force sensing, utilizing the four-load-cell design
to enable three-axis measurements. This enhancement, coupled with an improved control
algorithm, would allow for corrective tilting and more precise alignment with complex
anatomical surfaces. Additionally, the current force-following control relies on a fixed
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proportional gain, which limits adaptability to sudden changes in surface position, such as
those caused by patient movement or respiration.

In addition to addressing the current limitations, we are exploring the integration of
image feedback into the system. This involves developing methods to automatically assess
ultrasound image quality in real time and leveraging this feedback to optimize the probe’s
position and orientation. Furthermore, diagnostic scans for AAA, as specified by the
National Abdominal Aortic Aneurysm Screening Programme (NAAASP) [20] guidelines,
must encompass the region from the diaphragm to the iliac bifurcation, necessitating
precise probe alignment and positioning. To ensure accurate measurements, it is crucial
to avoid oblique angles when the aorta is not parallel to the probe. These advancements
represent key areas for future development aimed at enhancing the system’s diagnostic
utility and clinical applicability.

5. Conclusions

In conclusion, our system offers a solution for safe human-robot interaction in extra-
body ultrasound imaging acquisition. By employing multi-sensor fusion—including pa-
tient surface mapping, force sensing, ultrasound imaging, marker-based patient-to-robot
registration, and scanning path planning—the system ensures both the safety and accuracy
of sonographer-free, automated scanning. We hope that this work will contribute to the
clinical acceptance of automatic and autonomous robotic ultrasound scanning systems,
paving the way for broader adoption of such technologies in the future.
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Highlights:
What are the main findings?

e  Miniature hollow cylindrical histotripsy transducers can detect intra-lumen cavitation
without requiring external sensors.

e  Voltage signals acquired across the transducer during and immediately after transmis-
sion provide insight into both the time and frequency domains.

What is the implication of the main finding?

o These self-sensing transducers offer a built-in method for cavitation monitor-
ing, enabling feedback in therapeutic ultrasound applications such as histotripsy-
mediated thrombectomy.

Abstract: Intravascular aspiration thrombectomy catheters are widely used to treat stroke,
pulmonary embolism, and deep venous thrombosis. However, their performance is fre-
quently compromised by clot material becoming lodged within the catheter tip. To address
this, we develop a novel ultrasound-enhanced aspiration catheter approach that generates
cavitation within the tip to mechanically degrade clots, with a view to facilitate extraction.
The design employs hollow cylindrical transducers that produce inwardly propagating
cylindrical waves to generate sufficiently high pressures to perform histotripsy. This study
investigates the feasibility of self-sensing cavitation detection by analyzing voltage signals
across the transducer during treatment. Experiments were conducted for two transmit
pulse lengths at varying driving voltages with water or clot in the lumen. Cavitation clouds
within the lumen were assessed using 40 MHz ultrasound imaging. Changes in the signal
envelope during the pulse body and ringdown phases occurred above the cavitation thresh-
old, the latter being associated with more rapid wave damping in the presence of bubble
clouds within the lumen. In the frequency domain, voltage-dependent cavitation signals—
subharmonics, ultra-harmonics, and broadband—emerged alongside transmit pulses. This
work demonstrates a highly sensitive, sensor-free method for detecting cavitation within
the lumen, enabling feedback control to further improve histotripsy-assisted aspiration.

Keywords: histotripsy; sonothrombolysis; cavitation; aspiration thrombectomy; ultrasound;
transducer

Sensors 2025, 25, 5417 https://doi.org/10.3390/s25175417
104



Sensors 2025, 25, 5417

1. Introduction

Thrombotic large-vessel occlusions are a significant contributor to global mortality
and morbidity, particularly in cases of myocardial infarction [1-3], ischemic stroke [4],
pulmonary embolism (PE) [5], and deep venous thrombosis (DVT) [6]. Catheter-based me-
chanical thrombectomy techniques have become increasingly common in standard clinical
practice to remove acute thrombotic occlusions in large vessels. Mechanical thrombectomy
procedures are employed in the treatment of stroke [7-11], pulmonary embolism [5,12-14],
and peripheral vessels [6,15,16]. One of the most widely used mechanical thrombectomy
methods is aspiration, which operates by using suction to extract clot material through the
lumen of a hollow catheter. In the most common form of this procedure—direct contact
aspiration (DA)—the catheter tip is navigated be in contact with the proximal end of the clot
and an external vacuum is applied. While this approach has significantly impacted the treat-
ment of patients, in many circumstances it is unsuccessful or performs sub-optimally [17,18]
due to thrombus clogging within the catheter or ‘corking” at the catheter tip [19,20]. There-
fore, there is a recognized need to improve the performance of aspiration mechanical
thrombectomy devices, particularly their ability to ingest more challenging clots (e.g.,
stiffer or larger volume clots). We are developing a novel ultrasound-enhanced aspiration
approach that involves the placement of a hollow cylindrical transducer (HCT) at the
catheter tip. The premise is that established clinical DA procedures will be followed, but,
upon the application of suction, histotripsy will be performed on clot material as it enters
the HCT lumen to degrade its mechanical integrity and thereby facilitate deformation
and ingestion further into the catheter. Histotripsy is an established ultrasound method
that employs cavitation clouds to fractionate targeted regions of tissue into an acellular
liquid [21-24]. The approach involves using very-high-pressure ultrasound to generate
violent bubble clouds within the HCT focal region. There are several general classes of
histotripsy, determined by the pulse lengths employed: extrinsic histotripsy typically uses
~1-2 us pulses and requires the highest pressure levels; shock scattering histotripsy uses
5-20 us pulses; and ‘boiling’” histotripsy involves 1-100 ms pulses and requires the lowest
pressure level due to pulse-scale thermal elevations. With few exceptions [25-27], large
aperture extracorporeal spherically focused transducer configurations are used to achieve
the pressure levels required to create cavitation clouds.

With the proposed aspiration technique, sufficiently high pressures must be achieved
within the lumen of HCTs that are of a scale compatible with intravascular catheters. In
our prior work [28], we demonstrated that cavitation clouds could be generated within
a radially polarized HCT (3.3/2.5 mm outer/inner diameter) when operating within its
‘thickness” mode resonant frequency bandwidth. The associated transducer vibrations
produce predominantly cylindrical waves and a high-pressure zone along the HCT lumen
axis of symmetry. In particular, when operating at a standing wave frequency, constructive
interference can increase the effective focal gain, resulting in increased internal pressures
(estimated > 20 MPa). In this work, cavitation within the lumen was confirmed with
a hydrophone situated external to the HCT lumen and high-frequency (40 MHz) ultra-
sound imaging. The pulse lengths employed (10 and 100 ps) were sufficiently long to
permit the development of standing wave. This was supported by hydrophone data that
revealed pressure buildup at the outset of electrical pulse stimulation that was associated
with the development of the interference pattern, and a decay (ringdown) following the
end of the pulse associated with the dissipation of internal reflections. In a more recent
work [29], we demonstrated the feasibility of performing histotripsy within clots situated
in an HCT lumen.

An important element of any cavitation-mediated therapeutic ultrasound approach is
monitoring and controlling the level and characteristics of cavitation. Cavitation monitoring
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and control methods have been widely investigated in the setting of microbubble-mediated
drug delivery [30-33]. Generally, these involve using receive transducers, separate from
the transmit transducers, to passively detect and, in some cases, spatially map cavita-
tion emissions arising from the therapy pulses. In histotripsy, the primary approach to
cavitation monitoring to date has involved situating an ultrasound imaging transducer
within the therapy transducer aperture. B-scan ultrasound imaging is then used to ‘actively’
(pulse-echo) detect bubble clouds that form during the treatment process. The imaging
information is used for targeting purposes, confirming the formation and extent of lesions,
and potentially adjusting the transmit conditions to ensure sufficient cavitation activity.
More recently, efforts are underway to develop transmit-receiver arrays compatible with
short-pulse (extrinsic) histotripsy. In [34,35], a subset of elements was configured with both
transmit and receive capabilities, enabled by the short duration of the transmitted pulses
relative to the propagation time to regions of interest, resulting in time separation between
the transmit and receive signals.

For the proposed ultrasound-enhanced aspiration approach, as with conventional
histotripsy, the ability to detect and monitor induced cavitation will be necessary to ensure
that effective treatments are occurring and to potentially adjust transmit parameters as
necessary. As the intended application areas are in the setting of stroke, PE, and the
peripheral vasculature, using a separate B-scan imaging transducer to monitor cavitation
within the HCT lumen is not viable. Furthermore, due to the spatial lengths of the pulses
employed relative to the lumen diameter, there will not be temporal separation between
the transmit and receive signals [28]. In the present study, we will investigate the use of
voltage signals measured across the transmit transducer to monitor cavitation induced
within the lumen of the HCT. In the setting of boiling histotripsy conditions, using a
single-element large aperture spherically focused transducer, there have been several
reports of fluctuations in the voltage or power across the transducer after the onset of
cavitation within the focal region [36,37]. These fluctuations result from the signals across
the transducer being a superposition of the applied transmit voltage and the arrival of
emissions and reflections/scattering from the cavitation cloud at the focal region. Outside
the biomedical ultrasound field, particularly in the area of sonochemistry, there have
been numerous reports of examining measured transducer signals (voltage and current)
to monitor cavitation with long-duration pulses (>100 ms) [38—41]. This work has been
carried out for acoustic horn or larger-scale cylindrical focusing configurations. It has been
shown that the measured signals can detect the presence of inertial cavitation, harmonics,
and subharmonics [42,43]. This is often referred to as ‘self-sensing” due to the dual use
of the transducer as a transmitter and receiver, with the target cavitation signals being
concurrent with the transmission stimulation signal.

Here, we investigate the use of self-sensing approaches to detect and monitor cavita-
tion within an intravascular scale HCT. Following the conditions employed in recent work
(between 10 and 100 ps pulses) [28], signals measured across the HCT will be assessed over
a range of applied voltages from sub-cavitation to cavitation levels. The temporal (pulse-
body and ringdown) and spectral aspects of the pulses will be assessed. The presence of
cavitation will be confirmed using high-frequency ultrasound imaging. The majority of
experiments will be conducted with water-filled lumens, followed by a proof-of-principle
experiment with thrombus-filled lumens.

2. Materials and Methods
2.1. Transducer Configuration

The transducer used for experiments was a radially polarized HCT with an outer
diameter of 3.3 mm and an inner diameter of 2.5 mm, with a length of 2.5 mm, as employed
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Axial distance (mm)

in [28]. The transducer material was DL-47 (DeL Piezo Specialties, West Palm Beach, FL,
USA), a hard PZT ceramic suitable for high-power applications due to its high mechanical
quality factor, relatively high dielectric constant, and low dielectric loss.

The transducer had a micro-coaxial wire attached to the inner signal and outer ground
electrodes using silver epoxy (Epotek H20E, Epoxy Technology Inc., Billerica, MA, USA)
and a catheter liner (PTFE Sub-Lite-Wall™ Liner 0.095” ID 0.0015” wall thickness, Zeus
Company Inc., San Jose, SC, USA) attached to its inner wall using epoxy (Epotek 301, Epoxy
Technology Inc., Billerica, MA, USA). This design is capable of achieving high internal
pressures and generating cavitation clouds within the HCT lumen, as reported in previous
work [28]. Finite element simulations of the HCT, including the liner and epoxy layers,
were performed in OnScale™, as per the methods previously described in [28] (material
properties in Supplementary Table S1). Figure 1A,B depict the simulated normalized pres-
sure map and lateral pressure distribution within the lumen for the transducer using 10 us
pulses at 6.17 MHz in water. These results show a narrow high-pressure region along
the central axis of the cylinder and the presence of side lobes that decay in amplitude
towards the HCT lumen walls. Figure 1C shows fiber-optic hydrophone (10 pm active
region, Precision Acoustics Inc., Dorset, UK)-based measurements of the internal pressure
field, and Figure 1D highlights a matching detailed view of the simulation for comparison,
emphasizing the similarities between the two results. Absolute pressures are not measured
here due to the directional sensitivity of the hydrophone, coupled with the angle of inci-
dence of the wavefronts being perpendicular to the hydrophone axis, as discussed in [28]. It
was previously established that sufficiently high pressure levels can be achieved to initiate
cavitation within the lumen, and the primary purpose of the present study is to examine
self-sensing-based methods to detect this form of cavitation. Supplementary Figure S1
shows a comparison of simulated profiles for 10 us and 100 us pulses. They exhibit similar
spatial distributions to peak pressures, which is expected, as the luminal standing-wave
pattern is fully developed for the particular HCT employed with pulse lengths of 10 ps or

greater [28].
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Figure 1. Simulated sagittal 2D pressure map (A) and pressure across the HCT transverse axis
of symmetry (B) operating at 6.17 MHz in water. Detailed views of measured (C) and simulated
(D) pressures within the HCT lumen show qualitatively consistent profiles.

2.2. Cavitation Observation with High-Speed Ultrasound Imaging
2.2.1. Experimental Configuration

The experimental setup is shown in Figure 2, where an HCT and imaging transducer
were situated in a tank of gas-equilibrated deionized water held at 30 °C. A 2.5mm diameter
PTFE liner (Sub-Lite-Wall™ Liner 0.095” ID 0.0015” wall thickness, Zeus Company Inc.,
Orangeburg, SC, USA) was epoxied to the lumen surface of HCT to mimic the eventual
intended catheter configuration, as well as facilitate positioning within the tank. A Vevo
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2100 imaging system with a 40 MHz probe (MS550D, FUJIFILM VisualSonics Inc., Toronto,
ON, Canada) was positioned to image the central longitudinal cross-section of the HCT
lumen. The framerate was set to 916 Hz, which was the system’s maximum for a field of
view that captured the entirety of the lumen diameter across the full transducer length. The
imaging system was synchronized with treatment pulses using a pulse delay generator
(Model 575, Berkeley Nucleonics Corp., San Rafael, CA, USA) to ensure that every treatment
pulse occurred at the same time point during each frame. The transducer was driven by a
function generator (AFG3102, Tektronix, Beaverton, OR, USA) and an RF amplifier (A150,
E&I, Jericho, NY, USA). The voltage across the HCT was measured using a 100:1 voltage
probe and a digitizer PicoScope 5242B (Pico Technology, England, UK) at a sample rate of
125 MS/s (14 bits). The applied voltage amplitudes reported are the average steady-state
peak voltages (Vp) measured across the transducer.
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Figure 2. (A) Image of the constructed transducer with attached liner. (B) Schematic overview of
experimental configuration. (C) Photo of experimental setup with a clot present in the HCT lumen.

2.2.2. Transmit Frequency Selections

The impedance of HCT in water was measured from 300 Hz to 8 MHz in 5 kHz steps
using a network analyzer (AA-30.ZERO, RigExpert, Kyiv, Ukraine) with both water and a
clot in the HCT lumen. Within the thickness mode bandwidth of the HCT geometry, there
are a number of prominent minima. These are associated with standing wave frequencies
within the lumen, and were previously shown to correspond to local (frequency) pressure
maxima [28]. As in [28], the transmit frequency was selected by observing the HCT lumen
under B-mode imaging while sending ‘treatment” pulses (82 V,, voltage, 10 us pulses) at
each frequency, corresponding to a minimum within the thickness mode bandwidth. The
minima frequency that resulted in the largest cavitation cloud on B-scan imaging was then
employed as the transmit frequency for the experiments. This process was carried out
for both water-filled and clot-filled lumens to determine the most appropriate operating
frequency for each case as the impedance minima differed, as described below.

2.2.3. Experimental Protocol

For experiments with water in the lumen, the transducer was operated at 6.17 MHz,
and pulse lengths of 10 ps and 100 ps were tested. A total of 100 pulses were sent per
sequence, with a pulse interval of 10.92 ms, such that one pulse was imaged every 10 frames
for 1000 frames. A total of 26 applied voltages ranging from 19 to 82 V|, were tested. Each
100-pulse sequence was repeated three times at each voltage and pulse length, resulting
in 300 pulses per voltage condition. We note that the maximum voltage applied here
corresponds closely to that reported in [28] (82 V},), which resulted in high levels of
cavitation and did not result in any change in the performance of the transducer over time.
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The lowest tested voltage (19 Vp,) did not produce cavitation in any configuration, again
consistent with previous work [28].

For experiments with a clot in the lumen, a frequency of 6.43 MHz was used. A pulse
length of 10 ps and a pulse interval of 1.09 ms were used for 916 pulses, resulting in a pulse
every frame for 916 frames. A total of 5 clots were tested in this manner. For each clot,
the treatment was performed 5 times at 19 V,, (sub-cavitation threshold) and then once at
82 V. After treatment, the clots were extracted and bisected for optical imaging under
a microscope.

2.3. Cavitation Threshold

B-mode imaging data was used to determine whether cavitation occurred on a given
pulse. Each frame, corresponding to a specific treatment pulse, was manually assessed
for the presence or absence of visible cavitation, which manifests as hyperechoic regions
within the transducer lumen. To determine cavitation probability in water, for a given
applied voltage, the ratio of the number of pulses which had visible cavitation activity to
the number of total pulses was calculated. This probability, as a function of applied voltage,
was fitted to a sigmoid curve. The voltage value at a probability of 0.5 was defined as the
cavitation threshold voltage.

2.4. Self-Sensing Signals Analysis

Signal analysis was performed using MATLAB R2021a (MathWorks, Natick, MA, USA)
and GraphPad Prism 10 (GraphPad Software, San Diego, CA, USA). For each pulse, time
domain voltage signals acquired from the transducer can be divided into three segments:
pre-pulse (noise only), ‘pulse body” (during transmit), and ‘ringdown’ (post-transmit). In
this study, ringdown refers to the period of decay following the end of the transmit pulse
(applied voltage), which is primarily associated with the dissipation of internal reflections
within the HCT lumen. Note that such reflections are distinct from transducer ringdown,
which arises from residual mechanical vibrations in the transducer material itself.

2.4.1. Time Domain Analysis

For time domain signal analysis, two temporal windows were examined: a pulse body
window and a ringdown window. The pulse body window (duration 1.2 ps for water and
1.67 us for clot) began 3 cycles after the start of the transmit pulse (applied voltage) to allow
for a steady state to be reached. The ringdown window was 2 us in duration, beginning
after 3 cycles following the cessation of the transmit pulse. Note that there was a range of
window durations that was evaluated and produced relatively similar results. For each of
these windows, the envelope of the signal was squared and then summed over the window
duration to obtain an estimate of power. The ratio of these resulting metrics (ringdown to
pulse body) was then calculated to provide a measure of the ringdown signal level relative
to the pulse body amplitude, which we define here as the ringdown ratio. Employing this
ratio effectively normalizes the results to the different driving voltages tested.

For the water-in-lumen case, to provide an indication of the impact of cavitation on the
pulse-to-pulse variability in the ringdown ratio, the variance of this metric was calculated
over the 300-pulse sets at each applied voltage.

2.4.2. Spectral Analysis

Frequency domain analysis was conducted on the pulse body portion, during which
active cavitation could occur. The 10 us Blackman windows were used for 10 us and
100 us Tukey windows with a cosine fraction of 0.25 were used for 100 us pulses. For
10 ps pulses, zero padding was employed in order to match the frequency resolution of the
100 ps windows. Fast Fourier transforms were performed on each windowed signal, and
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the spectra were power averaged for each applied voltage. The same process was applied
to segments of signal acquired pre-trigger prior to the arrival of the transmit pulse in order
to generate baseline noise-only spectra.

As a means of quantifying cavitation, the sum of the power was calculated over the
frequency windows surrounding the fundamental frequency (i.e., 6.03-6.34 MHz for 10 pus
pulses and 6.15-6.20 MHz for 100 ps pulses in water), ultra-harmonic frequency (i.e., 9.21-
9.31 MHz for both pulse lengths in water and 9.55-9.67 MHz with a clot), and a frequency
range corresponding to broadband signals (i.e., 19.30-19.70 MHz for 10 ps pulses in water;
5.13-5.40 and 7.00-7.30 MHz for 100 ps pulses in water; 5.45-5.60 and 7.45-7.70 MHz with
a clot).

2.5. Blood Clot Preparation

Clots were prepared in a manner similar to previous sonothrombolysis studies
[29,43-48]. Clots were prepared from blood extracted from the femoral vein of a pig
and were captured in 3.2% sodium citrate vacutainers (BD Vacutainer™, Thermo Fisher
Scientific Inc., Waltham, MA, USA). Clots were formed in 2 mL borosilicate pipettes
(Fisherbrand™ Disposable Borosilicate Glass Pasteur Pipets, Thermo Fisher Scientific Inc.,
Waltham, MA, USA) after mixing anticoagulated blood with 100 mMol/L CaCl; at a ratio
of 1 mL of anticoagulated blood to 200 uL of CaCl,. The sealed pipettes were incubated
in a water bath at 37 °C for 3 h and then transferred to a fridge at 4 °C for 3 days. The
resulting retracted clots were extracted and cut into homogenous 5 mm lengths prior to
the experiments.

3. Results
3.1. Impedance and Frequency Selection

The impedance as a function of frequency for the water-immersed HCT is shown
in Figure 3A. Local minima associated with the fundamental length mode and its third
harmonic appear at 660 kHz and 1.93 MHz, along with a more complex series of peaks and
troughs near the thickness mode bandwidth (4.9-7 MHz). Figure 3B shows measurements
for both water- and clot-filled lumens within the thickness mode bandwidth. The minima
are each associated with a standing-wave frequency [28]. Having a clot in the lumen shifts
the frequencies of these minima higher relative to the water case.
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Figure 3. The measured electrical impedances as a function of frequency in a range of 300-8000 kHz
(A) and 4000-7000 kHz (B), with either water or clot occupying the transducer lumen. Minima
at 660 kHz and 1.93 MHz correspond to the length mode and its third harmonic. The transmit
frequencies used for clot treatments and treatments with water in the lumen are highlighted with
circle markers in (B).
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Axial distance (mm)

Following the previously described methods for transmit frequency selection, the
thickness mode minima identified above were evaluated for their capacity to generate
cavitation. The frequencies selected for the water-in-lumen and clot-in-lumen cases were
6.17 and 6.43 MHz, respectively. The difference between these two transmit frequencies is
consistent with the minima shift in the impedance curve.

3.2. Cavitation Imaging and Cavitation Probability with Water-Filled Lumen

Figure 4 displays example B-mode imaging frames of the HCT operating in water. At
low voltages, the lumen is hypo-echogenic, consistent with the absence of cavitation [28].
As the voltage increases, cavitation clouds begin to appear, and, at high voltages, there
is strong cavitation activity, although it remains confined within the transducer lumen.
This trend holds for both the 10 and 100 ps pulses, although the 100 ps pulses have larger
cavitation clouds at higher voltages. The cavitation probability in water is shown in Figure 5.
No cavitation was observed below 54 V,, for either the 10 or 100 us pulses. For both pulse
lengths, above 65 V,, cavitation was observed for every pulse.

- 60

Lateral distance (mm)

Figure 4. B-mode imaging frames of the lumen of an HCT in water with 10 us (A) and 100 ps
pulses (B). “T” indicates HCT wall.
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Figure 5. Cavitation probability in gas-equilibrated water as a function of applied voltage, as
measured using B-mode imaging for both 10 and 100 us pulses.
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3.3. Self-Sensing Signals in Water-Filled Lumens

Figure 6 presents example time domain voltage signals for both 10 and 100 ps pulses
and at 19, 60, and 82 V;, in water. An amount of 19 V was shown to be well below
the cavitation threshold (Figure 5), and no cavitation is observed with B-mode imaging
(Figure 4), while 60 V,, is around the cavitation threshold voltage range and 82 V;, is
substantially above the cavitation threshold. Comparing the envelopes of the voltages at
each applied voltage reveals differences in the ratios of the amplitude of the envelopes
of the ringdown portions to the pulse bodies. In particular, the relative ringdown ratios
are progressively lower at the higher voltages—where cavitation is present—relative to
the 19 V;, case (sub-cavitation threshold). In addition, it can be seen that fluctuations are
present in the envelope of the pulse body in the presence of cavitation. This is consistent
for both the 10 and 100 ps pulses.
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Figure 6. Voltages measured across the transducer during (A) 10 us and (B) 100 ps pulses at different
applied voltages in water. The red arrows indicate the ringdown portion of the signals.

Figure 7A,B shows a box plot of the ringdown ratio as a function of applied voltage.
For both 10 and 100 ps pulses, at lower voltages—below the cavitation threshold—the ratio
remains constant. As the cavitation threshold voltage is approached, the ratio begins to
decrease with increasing applied voltage. Figure 7C,D shows the variance in the ringdown
ratio as a function of voltage. The variance increases at the onset of cavitation before
plateauing at approximately 64 V}, in the 10 us case and 67 Vy, in the 100 ps case.

Pulse body spectra at select voltages are shown in Figure 8. Sub-harmonic, ultra-
harmonic, and broadband signals emerge for voltages around and above the cavitation
threshold voltage for both the 10 and 100 ps pulses.

The quantification of selected frequency bands as a function of voltage is shown in
Figure 9. For 10 ps pulses, the fundamental frequency signal increases monotonically as
a function of applied voltage. An increase in broadband signal becomes apparent from
62 Vp and continues to rise with applied voltage and begins to plateau around 69 V. The
ultra-harmonic signal exhibits a similar pattern, but with a lower voltage onset (47 Vp).
The sub-harmonic signal follows a more complex pattern, but also suggests the presence
of an onset voltage and eventual plateau. This complexity may be due to overlap with
contributions from thickness mode frequencies. The overall trends for the 100 ps pulses
share many of these characteristics. Notable differences include lower standard deviations

below the cavitation threshold, which results in a more distinct cavitation threshold curve.
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Interestingly, both the ultra- and sub-harmonic signals have more similar curve features
and also undergo a reduction at the highest voltage levels.
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Figure 7. Box plots of the ringdown ratio as a function of voltage for (A) 10 ps and (B) 100 us pulses
in water. The results are normalized to the mean ringdown ratios at 19 V for each dataset, and the
box plots identify the median as the central marks, the 25th and 75th percentiles as the box edges,
the most extreme non-outlier datapoints as the whiskers, and individual outliers as red markers.
(C) and (D) show the variance of these ringdown ratios as a function of voltage for the 10 us and
100 ps pulses, respectively.
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Figure 8. The spectra of (A) 10 us and (B) 100 us pulses at different voltages in water. The green
arrows point to regions of broadband emissions which are visible at 82 V,; f indicates the fundamental
frequency of transmit pulses (6.17 MHz).
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Figure 9. Box plots of integrated power of specific frequency bands of the transducer voltage spectra
as a function of applied voltage in water. The broadband (B,F), ultra-harmonic (C,G), and sub-
harmonic (D,H) for both 10 s and 100 us pulses show a threshold behavior, while the fundamental

(A,E) show a monotonically increasing behavior. The integrated powers are normalized to the mean

values at 19 V, within each dataset.

3.4. Self-Sensing Signals During Clot Treatments

Figure 10 shows representative B-mode images of the treatment (82 V},) of a clot in the

lumen of the HCT. A central cavitation cloud is visible from the beginning of the treatment,

and, post-treatment, a lesion in the same location is visible. The bisected extracted clot

shows the lesion hole under optical imaging.

Axial distance (mm) >

Pre-treatmentdB Treatment 0.1s Treatment 0.5s

-1

Lateral distance (mm)

Treatment 1 s Post-treatment 0.1 s

Figure 10. (A) Representative B-mode imaging of a cross-section of a clot situated in the transducer

before, during, and after treatment. ‘T’ represents HCT walls. Treatment parameters were 10 us

pulse length, 1000 Hz PRF, and 1 s treatment duration. Before treatment, the clot is visible as uniform

speckle bounded by the side walls of the transducer. During treatment, the cavitation cloud is

visible as a hyperechoic region along the central axis of the HCT. (B) Immediately post-treatment, the

hypoechoic region is visible over the same area of the cavitation cloud, indicating the generation of a

lesion, which is confirmed by the bisected clot.

Figure 11A shows representative time domain voltage signals during the exposure

of a clot (1 s duration) at applied voltages of 19 (sub-cavitation) or 82 Vy,, along with

their associated frequency domain spectra. Similarly to the case for the water-filled HCT

lumen, the ringdown ratio decreased significantly from 19 to 82 V,. The spectra shown in

Figure 11B also indicate that sub-harmonic and ultra-harmonic signals are present at 82 V,
which are not detected at 19 V.
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Figure 11. Voltage signals across the HCT with a clot in the lumen at (A) 19 V;, and (B) 82 V), and
(C) the spectra of these signals. The red arrows on the time domain traces indicate the ringdown
portions of the signals, and the green arrows on the spectra indicate broadband emissions at 82 V.

The quantification of these features across the five clots tested is presented in Figure 12
as violin plots. Metrics using ringdown ratio, broadband signals, sub-harmonic, and ultra-
harmonic signals all demonstrate significant (p < 0.0001) differences in integrated power

between 19 and 82 V.
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Figure 12. Violin plots comparing the integrated power for (A) the ringdown ratio in the time
domain, and the broadband, ultra-harmonic, and sub-harmonic (B-D) of specific frequency bands
of the HCT voltage signal spectra at both 19 and 82 V,, with a clot in the lumen. The integrated
power is normalized to the mean value at 19 V;,. Dashed lines represent the median and quantiles.

**** indicates statistical significance between groups with p < 0.0001 using a two-tailed unpaired ¢-test.

4. Discussion

In conventional extracorporeal histotripsy systems, the detection and monitoring of
cavitation is an important element of the treatment process. Active and passive cavitation
detection approaches continue to be investigated to facilitate this process. In the setting of
the ultrasound (histotripsy)-enhanced aspiration approach that we are developing, cavita-
tion detection also has potential to provide valuable information for treatment monitoring
and control. The approach taken here is to examine the use of the transmit transducer for
this purpose, which, for a disposable catheter, would have notable advantages, including
simplicity and cost-effectiveness. The results collectively demonstrate the use of measured
voltage signals across an HCT to detect cavitation induced within its lumen. The mea-
sured signals underwent both temporal and spectral analyses, which were conducted by
separating the signals into pulse body and ringdown segments. The cavitation-related
experiments were supplemented by electrical impedance measurements across the HCT.

For water-filled lumens, fluctuations in the envelope of the pulse body became evident
following the onset of cavitation, which is consistent with previous reports for spheri-
cally focused transducers in the setting of boiling histotripsy conditions [37,49]. These
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fluctuations arise from the superposition of signals associated with cavitation (emissions,
reflections/scattering) and the applied transmit signal voltage.

To extend these observations beyond time domain fluctuations, pulse body spec-
tral analysis was conducted. At lower voltages—below the imaging-detected cavitation
threshold—the spectra feature a prominent peak at the transmit frequency alongside a
number of smaller adjacent peaks/lobes within the thickness mode bandwidth. The side
lobes may be associated with standing wave frequencies, as well as Fourier analysis arti-
facts. Multiple harmonics (second, third) are also present, which can be associated with
nonlinear bubble behavior, as well as contributions from nonlinear propagation. The onset
of detected sub-harmonic and ultra-harmonic signals (1/2, 3/2, and 5/2) at higher volt-
ages is consistent with pressure threshold-dependent bubble behavior. The emergence
of broadband signals followed a similar pattern, albeit with a higher voltage onset and
variance. In interpreting the broadband signal, it should be noted that the frequency ranges
selected for quantification were within the thickness mode range (between the local peaks)
and adjacent to the third harmonic signal peak, as shown in Supplementary Figure S2.
In [28], hydrophone measurements performed adjacent to the lumen at higher voltages
demonstrated a broadband appearance across a wide range of frequencies. This was not
observed in the self-sensing HCT spectra, which is attributed to the frequency response
of the transducer when exposed to emissions impinging on its lumen surface. As the fre-
quency ranges employed were in proximity to the fundamental and third harmonic peaks,
there may be contributions from spectral broadening of these peaks in addition to general
broadband noise that can be associated with inertial cavitation. This effect may have been
more prominent for the 10 ps relative to the 100 ps case due to the impact of Fourier
transform-related spectral broadening. Overall, the results shown in Figure 9 indicate
that the selected sub-harmonic, ultra-harmonic, and broadband signals are substantially
elevated over baseline values in the presence of cavitation. This is further supported by
the analysis of Supplementary Figure S3, which shows that these signals are significantly
elevated at high voltages relative to lower sub-cavitation voltages (e.g., 82 V}, vs. 19 Vp).

It was also observed that the ringdown ratio remained relatively flat at lower voltages
(~<50 V), but, after the onset of detected cavitation, it began to drop precipitously. In [28],
the simulated and hydrophone-measured pressure waveforms external to the transducer
exhibited a stepped decay over time following the cessation of the stimulating pulse,
which was attributed to the dissipation of internally reflected cylindrical waves. The
measured ringdown signals are therefore interpreted to be predominantly associated
with internally reflecting waves that dissipate over time. The progressive reduction in
amplitude of the ringdown ratio with increasing levels of cavitation is hypothesized to
result from interactions with the internally reflected waves with the bubble clouds. That
is, it can be expected that waves encountering clouds will be scattered and reflected and
lose energy through absorption processes. Unlike self-sensing based cavitation detection in
the context of spherically focused transducers, the reduced ringdown ratio is a feature that
is distinct to the HCT configuration, where internally reflected waves can be generated.
It is also notable that cavitation detection via the ringdown analysis presented here has
been previously reported with large-scale HCTs (>10 cm typically), such as those employed
in sonochemistry [38—41]. Indeed, in sonochemistry configurations, continuous waves
or very long pulses are employed and the emphasis is to assess cavitation signatures in
the frequency domain. In the application being investigated here, which employs shorter
pulses, ringdown analysis appears to robustly detect the presence of cavitation within
the lumen.

Impedance spectra measurements show a pattern of minima within the thickness mode
bandwidth for both water- and clot-filled lumens. These were previously shown in [28]
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(for water-filled lumens) to be associated with standing-wave frequencies, which produced
higher pressure levels within the lumen due to the effects of constructive interference.
As in [28], the operating frequency was selected based on the frequency that produced
the highest level of cavitation, based on B-mode imaging. The locations of impedance
minima were found to differ between water- and clot-filled lumens (Figure 2B). This can
be attributed to differences in the compressional wave propagation velocity: clots have a
higher wave speed than water [50], which, in turn, shifts the frequency at which minima
occur. In a clinical setting, clots can have a range of compositions and ages, which can
be expected to give rise to variations in the propagation velocity. Although a dedicated
network analyzer was used in this study to measure electrical impedance, an alternate
approach could involve monitoring the current, in addition to the voltage, to derive
the impedance.

The proof-of-principle experiments to examine self-sensing signals in the context
of clot erosion were conducted at two voltages: one below the cavitation threshold and
one at the maximum voltage. The high-voltage exposures resulted in the production of
a lesion within the clots, as observed in our recent study [29]. The cavitation and lesions
were preferentially initiated in the central portion of the lumen, where pressure levels are
highest (Figure 1). This is consistent with the results reported in [28,29]. No cavitation was
observed lateral to the transducer due to the low-pressure levels outside the transducer
lumen. The average spectra during the course of the treatment had similar features to
the water-filled lumens. A comparison of the ringdown, sub-harmonic, ultra-harmonic,
and broadband signals between the two voltages showed highly significant differences.
This supports the notion that these are candidate metrics to detect cavitation during clot
treatments.

The results of this work suggest that both electrical impedance and voltage signals of
an intravascular-scale HCT have the potential to provide information that is relevant to
the monitoring and control of ultrasound-enhanced aspiration techniques that are being
developed. For example, the impedance spectra could be employed to identify candidate
transmit frequencies (e.g., at minima within the thickness bandwidth) when the clot has
entered the lumen. The candidate frequencies could then be tested to evaluate their capacity
to produce cavitation. As B-mode imaging of the lumen cannot be performed in a clinical
setting, the degree of cavitation at the candidate frequencies could be assessed by self-
sensing cavitation metrics, such as those evaluated in this study, to select the operating
frequency. Furthermore, an examination of the evolution of these signals over time during
treatments—both for ‘static’ and aspirating clots—is necessary to determine their possible
role in dynamically adapting exposures during the course of treatments. Work is underway
in relation to examining the impact of clot erosion on aspiration success rate of in vitro clots.

The implementation of self-sensing signal-based monitoring and control methods
would necessarily have to undergo pre-clinical experiments in relevant animal models
and, eventually, clinical testing. While valuable, benchtop experiments cannot recapitulate
all relevant physiologic and anatomic conditions that are present in vivo. As the signals
are derived predominantly from within the catheter lumen, it is not anticipated that
the presence of a vessel wall or relative motion between the catheter and wall would
significantly impact their characteristics. The presence of blood may alter the signals, as
there are differences in the properties (e.g., attenuation and speed of sound [50]) between
blood, clots, and saline. There may also be different pressure thresholds for cavitation
in vivo, although this is not expected to significantly impact the methods described above.
Ultimately, this work must be conducted using fully constructed catheters.

Catheter-based ultrasound systems have been developed for treating large-vessel
occlusions, most notably the clinically approved EKOS catheter used for DVT [51,52]
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Abstract: Non-invasive diagnostics play a crucial role in medicine, and they ensure both
contamination safety and patient comfort. The proposed study integrates hyperspectral
imaging with advanced image fusion, enabling non-invasive, diagnostic procedure within
tissue. It utilizes near-infrared (NIR) wavelength vision that is suitable for reflections
from objects within a dispersive layer, enabling the reconstruction of internal tissue layers
images. It can detect objects, including cancerous tumors (presented as phantoms), inside
human tissue. This involves processing data from multiple images taken in different NIR
bands and merging them through image fusion techniques. Our research demonstrates
evident data about objects within the diffusive media, visible only in the reconstructed
images. The experimental results demonstrate a significant correlation with the samples
employed in the study’s experimental design.

Keywords: multispectral imaging; image fusion; scattering tissue imaging; pyramid
decomposition

1. Introduction

The identification of clear tumor margins is a critical factor in the complete removal of
tumors and reducing the risk of their recurrence [1]. This is particularly important when
the tumor is located near neurological structures, as removing too much tissue can be
dangerous and harmful to vital organs or nerve tissue [2]. Several methods are aimed
at improving tumor margin visualization, including MRI, CT, and targeted fluorescence
imaging [1,3-9]. However, these methods have limitations such as reduced spatial resolu-
tion due to tissue shifting during surgery in MRI and CT, dependence on photo-physics and
photochemistry in targeted fluorescence imaging, as well as issues such as phototoxicity
and photobleaching [10-16]. Moreover, MRI and CT devices are costly and less accessible
to common patients. The CT technique can also be harmful to the human body due to its
radiative detection nature, and a major concern with this medical imaging is the risk from
ionizing radiation, such as X-rays and gamma rays, which can increase the likelihood of
DNA damage and cancer.

Utilizing a hyperspectral camera within the near-infrared spectrum introduces a
novel approach aimed at identifying reflections originating from objects situated within
a dispersive layer. By processing data from images captured in various NIR bands and
utilizing image fusion techniques [17], one can produce a non-invasive and non-harmful
tumor detection method. This technique holds promise for detecting tumors located inside
human tissue layers.

Sensors 2025, 25, 4977 https://doi.org/10.3390/s25164977
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The human body’s tissues, rich in fluids, exhibit dispersion, contrasting with the dense
composition of tumor tissue. When directing halogen light sources with a black-body
radiation spectrum toward the body, the heightened density of tumors yields significantly
more reflections compared to a typical healthy tissue [18,19]. Conventional silicon-based
cameras primarily function within the visible spectrum range of 400-700 [nm] and are
much less sensitive to NIR spectrum [20]. Yet, detecting objects obscured by diffuse tissue
in this spectrum proves challenging. This limitation arises from the scattering or absorption
of much of the visible light within the tissue, preventing deep penetration. A hyperspectral
camera in the NIR range can be used to sense light coming from tissue at a depth of up to
2 cm; thus, cancerous tumors and blood vessels can be detected [21,22].

In the proposed work, the illumination for the hyperspectral imaging is achieved
using a halogen light, which is an incandescent lamp (that generates light by heating a
solid body to a high temperature) [23]. Halogen illumination was chosen because it has
wide-spectrum illumination, with most of the energy emitted lying in the NIR regions
of the spectrum. Only 15-20% of the light falls into the visible range (400-700 nm), and
less than 1% is ultraviolet light [24,25]. As a source of black-body radiation, a halogen
bulb can be considered a rough approximation of a black-body radiator. A black-body
radiator is a theoretical object that absorbs all the electromagnetic radiation that falls on it
and emits radiation according to Planck’s law [26]. The main innovation lies in combining
NIR and multispectral imaging with advanced image fusion techniques. In detail, Different
wavelengths penetrate tissue with different paths to different depths, each providing
specific information about tissue structure. By extracting valuable data from each image,
the fused result offers enhanced detailed image.

2. Theoretical Explanation

Exposure fusion is a technique for synthesizing a single image from a series of input
images by retaining only the regions corresponding to the highest-quality parameters
defined in the model [17,27-30]. The process involves the computation of weight maps
for each input image, where higher weights indicate that a pixel should contribute more
prominently to the final composite image. These weights are designed to reflect desired
image attributes, such as high contrast and optimal exposure. Unlike many other fusion
techniques, exposure fusion does not depend on generating a high-dynamic-range (HDR)
image [28]. This approach offers faster computational performance and is particularly
advantageous for visualization on displays that do not support HDR format.

The quality parameters used for the weight calculations are as follows:

a. Contrast: Contrast is typically measured using Michelson contrast [31] or RMS
contrast [32]. However, in this application, a Laplacian filter was applied to the
grayscale version of each image. The absolute value of the filter’s response was then
calculated for each pixel. This method tends to assign higher weights to significant
image features, such as edges and textures. This feature is denoted as C (the contrast
weights) and is computed separately for each pixel in the image

b.  Exposure and [llumination power: Examining the unprocessed intensities within a
channel allows us to assess the exposure quality of a pixel. Our objective is to retain
intensities that are not close to zero (indicating underexposure) or one (indicating
overexposure). We assign a weight to each intensity, denoted as i, based on its
proximity to the pixel-normalized intensity middle value, 0.5, which is represented
by employing a Gaussian curve:

(i—05)

E =exp(— 27

) )
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Here, E denotes the image exposedness per pixel, and ¢ (the standard deviation)
controls the width of the Gaussian intensity distribution at each pixel. In our method, o = 2.
Now we establish a weighted image parameter, W, in the k-th image defined as follows:

Wi = Ci-Ex 2)

where k is the index of the image in a sequence. Furthermore, a weighted image, W, over
the sequence of images is defined as:

W= ZnNzl Wi ®)

where N is the number of images in the sequence. Then, the normalized weight per k-th
image per each pixel is defined as follows:

A W,
Wy = = (4)
W
The resulting fused image, R, can be defined as follows, calculated pixel-wise:
A N N
R=Y"" Wyl (5)

where I, is the n-th image in the sequence.

Currently, the resulting image is of inadequate quality to properly depict the outcome.
This issue arose because of the visible stitch lines, a consequence of rapid fluctuations in
the weights. To overcome this issue, Laplacian pyramid decomposition was applied [33,34].
The Laplacian pyramid decomposition is a multi-scale image representation technique
that decomposes an image into layers, each representing different levels of detail. It is
built by iteratively applying a Gaussian filter to the image and down-sampling it by a
factor of two, creating a sequence of images at progressively lower resolutions (known as
the Gaussian pyramid). At each level, the higher-resolution image is reconstructed from
the lower-resolution version using interpolation, and the difference (residuals) between
the original and the reconstructed image is stored. These residuals form the layers of the
Laplacian pyramid, which captures fine details at each scale. Figure 1 shows the concept of
the Gaussian and Laplacian pyramid decomposition in the proposed research.

(@) (b)

Figure 1. (a) Gaussian pyramid decomposition and (b) Laplacian pyramid decomposition.

Following the Gaussian and Laplacian decompositions, there are N images along
with N normalized weight maps functioning as alpha masks. The I-th level in a Laplacian
pyramid decomposition of image I is represented as L{I }l, while a Gaussian pyramid of
image I is denoted as G{I }l. The Laplacian pyramid of the image and the Gaussian pyramid
of the normalized weights maps is pixel-wise multiplexed, as described in Equation (5):

L{RY =Y G{W},L{I}, 6)

where 7 is the n-th image out of N images in the sequence. The computation of each level

Ill//

within the resulting Laplacian pyramid involves a weighted average of the original
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Laplacian decompositions for that level. The weights are determined by the I-th level of the
pyramid of the corresponding weight map. Finally, the pyramid, L{R}, collapses to derive
R, which is the final fused image.

Our experiment involves two stages for capturing the initial sets of images: First, we
capture ten images at a specific wavelength with varying exposures (ranging from under-
exposed to overexposed, evenly distributed). This procedure is subsequently repeated for
ten distinct wavelengths. Consequently, in our experiment, N equals 100 (resulting from 10
wavelengths multiplied by 10 exposures each).

3. Experimental Setup

The experimental setup was designed to capture images of back-reflection light com-
ing from a sample situated under a halogen lamp using a hyperspectral camera with a
wavelength range of 713 nm-920 nm (Monarch II hyperspectral, Unispectral, Ramat Gan,
Israel, 1280 x 1024 Pixels, H-FOV (H, V, D) 31.5°, 25.5°, 39.8°, 10 CWL bands (£10 nm)
713,736, 759, 782, 805, 828, 851, 874, 897, 920 nm). In Figure 2, one can see a schematic
sketch of the setup. The camera was positioned perpendicular (90°) to the tissue with the
light source angled at 70° towards an object that resembles the human body and with a
denser material placed underneath (a piece of chicken breast with a plastic disk of 175 mm
dia. underneath it) to simulate a tumor. The disk size in camera pixels was about 125 pixels
in diameter. Both the object and denser material were placed on a non-reflective surface.
The hyperspectral camera was positioned above the object (40 cm above the sample area),
and images were taken in a dark environment. To ensure a uniform distribution of gray
levels across the frame, we captured an image of a gray uniform patch before proceeding
with the samples. The subsequent step involved acquiring the sequence of images. Then,
a weight map was generated after considering the quality measures of each pixel in the
images within the sequence. The final image was produced by consolidating the stack of
images through weighted blending, with each image making a proportional contribution
to the result determined by its weight in the weight map (Equations (1)—(6)).

Multi spectral camera

NIR light source

Multi spectral
image fusion

Multi spectral
images

b

Biological sample with an

object underneath

Figure 2. The schematic sketch of the setup.

4. Experimental Results and Discussion

A standard CMOS camera, which records light wavelengths below the near-infrared
(NIR) spectrum, would not be able to distinguish the plasticine underneath the chicken
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tissue. Consequently, a hyperspectral camera was used to acquire 10 sets of images at dif-
ferent wavelength bandwidths, with different 10 exposures per wavelength (100 images in
total). The different exposures were taken to compensate for the uneven light intensities per
wavelength of the light source. In Figure 3, one can see experimental images: hyperspectral
images taken in a sequence. The object appears brighter at lower wavelengths because of
detector sensitivity and the illumination spectrum. The corresponding filter wavelength of
a specific image is mentioned below each one. The FWHM (Full-Width Half Maxima) of all
images is 40 nm per bandwidth, with a spectral band accuracy of +/— 2 nm and a 100 ms
exposure time. All the images presented in Figure 3 were taken at the same exposure time.
One can see the different intensities due to the light source as mentioned above.

713nm 736nm 759nm 782nm 805nm

828nm 851nm 874nm 897nm 920nm

Figure 3. Experimental images: Hyperspectral images taken in a sequence with the same exposure of
100 ms. The corresponding filter wavelength of a specific image is shown below each one.

Subsequently, the image fusion technique was employed to merge all the images,
aiming to generate a clearer and more harmonized composite. Following the merging of
exposures, we iteratively applied the image fusion procedure to refine the detection of the
plasticine area beneath the examined tissue, thereby facilitating a clearer delineation of its
position. Furthermore, the illumination penetrating deeper into the region of interest (ROI)
primarily comprises longer wavelengths within the near-infrared spectrum, undetectable
by conventional silicon-based cameras.

To overcome this challenge, we utilized a camera equipped with near-infrared (NIR)
detection capabilities. Leveraging this specialized camera, we captured reflections pen-
etrating deeply into the tissue, thus revealing obscured objects. We acquired ten images
from the hyperspectral camera for each exposure, spanning a wavelength range of 705-920
[nm], adequately suited for our objectives.

The purpose of the following step is to prepare all the images for the final stage of the
fusion. After demonstrating that the camera can be used to detect objects behind scattering
tissue, we wanted to improve its detection capability. In the first step, we captured the
object at 10 different wavelengths as in the previous step (Figure 3). However, this time, we
took sets of images with different exposures ranging from underexposed to overexposed
(10 sets of images). The image fusion method was used to combine all the wavelengths
into one image (as described before in Equations (1)—(6)). This method helped us extract
the relevant information from each image and ignore any irrelevant information using the
different interactions of each wavelength with the tissue. Since each wavelength reflection
provides slightly different information about the area where the object is located, the
combination of the images yielded a single image with more information, resulting in a
clearer identification.

In Figure 4, one can see the experimental results. In Figure 4a, a white-light-
illumination image (RGB) is shown, and no signs of the internal phantom can be seen. In
Figure 4b, a one-shot of the NIR image is shown, resolving some internal phantom image,
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and the resulting exposure fusion image is shown in Figure 4c, with a clear resolution of
the internal tissue (a black spot in the middle of the image). Note that the gray-colored
images are due to the monochromatic nature of the images.

Figure 4. Experimental results: (a) white-light-illuminated image (RGB), (b) one-shot of NIR image,
(c) resulting exposure fusion image.

In Figure 5, one can see cross-sections of the fusion image that clearly show a black
spot (tumor location) indicated on the phantom. Figure 5a,c show the fusion image with
dashed lines indicating the X- and Y-axis cross-section locations, respectively. Figure 5b,d
show the intensity profile along the X- and Y-axis at the black spot location (marked by the
dashed lines). The green line denotes the horizontal axis intensity profile, while the red
line denotes the vertical axis.

Cross section — X axis Cross section — Y axis
(a) o (c) o
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Figure 5. Images (a,c) are the fusion images, with green and red dashed lines indicating the cross-

section’s locations. (b,d) Intensity profile along the X- and Y-axis at the black spot location along the
dashed lines.

The resulting cross-sectional graphs presented enable us to clearly distinguish the
presence of a high-density body beneath the diffusing tissue with a high level of certainty.

In Figure 6, one can see a zoom-in of the fused image with the X- and Y-axis cross-
section intensity profile (Figure 6a). The zoomed-in location is marked with dashed white
lines, as can be seen in Figure 5.
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Figure 6. Experimental results: (a,c) zoomed version of the white dashed line areas in Figure 5 of the
fusion image with the intensity profile along the Y-axis at the black spot location, (b,d) cross-section
intensity profiles of the zoomed-in area.

The cross-sectional analysis presented in these images demonstrates the effectiveness
of multispectral imaging and image fusion in detecting subsurface structures within diffus-
ing biological tissues. The significant variations in intensity profiles along both the X- and
Y-axis confirm the presence of a high-density object beneath the diffusing tissue.

Hyperspectral imaging with exposure fusion provides a powerful non-invasive
method to visualize subsurface features in tissue. It is done by capturing a full reflectance
spectrum at each pixel and combining multiple NIR wavelength images. It greatly enhances
contrast and reveals hidden objects (e.g., tumors) that are indiscernible with conventional
cameras. The proposed approach exploits the rich spectral and spatial information to
differentiate materials by their optical signatures without any prior knowledge of the object,
yielding superior delineation of the target in comparison with the background. However,
the method is also characterized by high complexity and cost. It requires specialized NIR
hyperspectral sensors, multi-exposure image acquisition and intensive data processing,
resulting in large multi-dimensional datasets. Its performance is inherently limited to
low tissue depths due to light attenuation, which collectively constrains its practical ap-
plicability. Our next step involves using deep convolutional neural networks to achieve
the same results but using fewer images. Thus, we will need less computational and
hyperspectral resources.

5. Conclusions

In this study, we demonstrated the feasibility of detecting reflections from objects
situated within a dispersive layer using the near-infrared (NIR) range. Employing a
hyperspectral camera operating within the NIR spectrum coupled with advanced image
fusion techniques can enable the detection of cancerous tumors (phantoms) with improved
resolution and clarity. By processing data from images captured across various bands
of the near-IR range and merging them using image fusion methods, we devised a non-
invasive and safe approach to tumor detection. This research lays the groundwork for
future endeavors aimed at detecting cancerous tumors and blood vessels buried within
tissue depths of the human body.
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Abstract: This paper presents an automated threshold-based multi-channel epileptic seizure
detection algorithm designed for low-complexity hardware implementations. The algorithm
relies on two discriminative, computationally simple time-domain features, based on power
and amplitude variations, that enable accurate and timely detections due to their rapid
adaptiveness to fluctuations in neural activity. To ensure long-term functionality and high
sensitivity, system thresholds are optimized through an offline calibration process that exploits
the statistical analysis of patient-specific inter-ictal and ictal periods. The novelty of the
approach lies in its multi-channel decision-making strategy, which enhances reliability against
false alarms. The proposed algorithm is tested on multiple datasets to assess its adaptability
to different recording conditions, achieving roughly 98% accuracy and over 98% sensitivity on
both the EEG CHB-MIT dataset and the iEEG SWEC-ETHZ dataset, with average latencies of
3.37 s and 7.84 s, respectively. These results are comparable to, and in some cases outperform,
several published machine-learning-based approaches. On the hardware side, FPGA synthesis
highlights the minimal and scalable resource requirements of the proposed architecture,
achieved through Time-Division Multiplexing (TDM) of both filtering and feature extraction.
When compared to state-of-the-art proposals, the system emerges as an ideal candidate for
real-time, resource-constrained hardware implementations.

Keywords: electroencephalogram; intracranial EEG; adaptive neurostimulation; epilepsy;
seizure onset detection; FPGA

1. Introduction

Epilepsy remains one of the most prevalent neurological disorders worldwide,
and while pharmacological treatments are effective in many cases, approximately a quarter
of the affected individuals fail to respond adequately to conventional medications [1,2].
As a consequence, recent advancements have focused on the development of automated
device-based approaches to address the challenge of refractory epilepsy. Among these,
techniques like Vagus Nerve Stimulation (VNS) and Deep Brain Stimulation (DBS) rely on
the localized delivery of electrical stimuli to ameliorate the effects of the ongoing seizure in
a controlled manner [3-5].

In its conventional, open-loop form, DBS delivers continuous electrical pulses to
targeted brain regions according to pre-set parameters, without taking into account the
patient’s current neural state. Adaptive variations in DBS, however, enact neuromodulation
based on real-time monitoring of the subject’s neural responses, dynamically adjusting
stimulation to optimize therapeutic outcomes and reduce side effects [6,7]. For this reason,
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automated seizure detection is becoming increasingly prevalent as an ideal candidate to
regulate the stimulation protocol.

Traditional seizure detection has typically relied on visual inspection of neural record-
ings, a process that is inherently subjective, time-consuming, and therefore ill-suited not
only for automated detection but also for deployment in implantable devices. Developing
objective, efficient, and reliable methods for automated seizure detection presents a critical
hurdle due to the strong variability of pre-ictal and inter-ictal patterns both within indi-
vidual patients and across different patients, as well as the non-stationary nature of scalp
EEG and intracranial EEG (iEEG) signals. This high variability complicates the design of
generalized detection algorithms and introduces an inherent trade-off between sensitivity
and accuracy, as systems must balance the minimization of both false positives and false
negatives. These challenges make it difficult to develop algorithms capable of maintaining
robust performance across diverse individuals and recording conditions.

A key task in seizure detection involves identifying optimal representations from
neural signals within the feature space. From this perspective, a plethora of signal de-
scriptors and metrics has been proposed and evaluated in terms of their discriminative
capabilities. In this context, features may be extracted from the time domain, including
peak density, signal power, or Hjorth parameters [8,9]. Furthermore, non-linear features
like Approximate Entropy (ApEn) have seen increased usage, adding complementary
information to traditional time-based metrics [10]. In frequency analysis, Cross-Frequency
Coupling (CFC) stands out in particular, with Phase-Amplitude Coupling (PAC) being
widely employed to quantify the relationship between the amplitude of high-frequency
oscillations and the phase of slower frequency bands [11].

More recently, machine-learning and deep learning strategies have taken center stage:
models such as Support Vector Machines (SVM), Convolutional Neural Networks (CNN),
and other architectures are able to combine and process large sets of features, achieving high
levels of accuracy in seizure onset detection and prediction [12,13]. Despite their strong
performance, these methods often involve considerable computational overhead, which
limits their practical use in implantable systems. Such devices must function under strict
constraints on area and power consumption, conditions that remain difficult to meet with
current state-of-the-art algorithms. The study in [14] proposes a patient-specific, FPGA-
implemented, threshold-based detection algorithm that leverages eleven time-domain
features. A feature ranking strategy is employed to identify the most discriminative subset
of features, while a channel selection mechanism is integrated to reduce data dimensional-
ity. However, the initial number of extracted features is relatively high, and the resources
required for their computation, as well as for the associated pre-processing steps, are
non-trivial. On that topic, the work presented in [15] aims to reduce the computational load
by restricting the set of features to a single time-domain Local Binary Pattern (LBP) code
extracted from the recorded iEEG signal. While effective, the algorithm has not been imple-
mented on hardware platforms and presents significant latency. Additionally, the work
proposed in [16] employs a combination of under-sampling and boosting techniques to
improve the performance of a classifier, which in turn makes use of statistical metrics
extracted from pre-processed EEG signals. Although the original paper does not report
implementation details, it can be reasonably assumed that calculating higher-order metrics,
such as kurtosis or skewness, could limit the applicability of the approach on portable or
resource-constrained hardware. In [17], the authors proposed an adaptive distance-based
seizure detector which makes use of both statistical and morphological metrics to elaborate
signals that undergo principal component analysis and common spatial patterns to enhance
the available data. Similar potential limitations as [16] also apply in this case.
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Regarding more specific implementations that target hardware realization on FPGA,
the system proposed in [18] implements a mixed-signal SoC featuring an analog front-end
for EEG acquisition and a digital detection core in 55 nm CMOS technology. The detec-
tion unit performs on-chip feature extraction based on four eigenvalues derived from
time-domain features. Hardware modules handle feature calculation, threshold update,
and detection logic. The design was prototyped on FPGA and later realized as an ASIC.

In addition, the system presented in [19], implemented on an Artix-7 FPGA, realizes
energy-efficient, real-time seizure detection. The hardware consists of dedicated modules for
feature extraction, calculation of Hjorth mobility and non-linear energy in parallel pipelines,
and on-chip SVM or QDA classifiers. The design includes optimized memory buffers and
control logic to manage data flow between extraction and classification units, achieving
minimal dynamic power (approximately 0.057 mW for SVM). In both of the aforementioned
cases, there remains margin for improvement in terms of resource allocation.

In this work, we propose a novel framework to analyze and detect abnormal pat-
terns related to epileptic seizure events, based on the power fluctuations of the EEG
signal, and applied through the use of two discriminative time-domain features of simple
derivation. The proposed algorithm is threshold-based and, as such, it is much simpler
in terms of hardware resources with respect to the aforementioned solutions, yet it is
able to achieve state-of-the-art comparable performance regarding accuracy, sensitivity,
and latency. The novelty of this work lies in the combination of a minimal feature set, con-
sisting of Line Length (LL) and instantaneous power difference (PD) between consecutive
samples, which enables a simple and low-complexity algorithm. The PD feature benefits
from being compatible with partial LL computation, as both require only two samples at a
time, reducing hardware requirements.

In addition, instead of implementing a channel reduction approach, a full-channel
majority-voting mechanism leverages all recording channels to improve true positive
detection while limiting false alarms, made possible by the low-complexity algorithm and
minimal hardware usage. Finally, a hardware-oriented Time-Division Multiplexing (TDM)
architecture executes filtering and partial feature extraction within the TDM framework,
allowing scalable operation across a large number of channels and making the system
suitable for implantable applications.

The paper is organized as follows: Section 2 is devoted to the presentation of the pro-
posed work, from the employed set of features to the detailed description of the algorithm’s
functionality in its distinct steps, including the pre-processing stage. Section 3 delves into
the details of the hardware implementation of the proposed seizure detector, showing its
functionality with simulations conducted across different software environments. Section 4
reports the simulation results obtained using EEG and iEEG datasets as benchmarks for
system validation, providing an extensive description of the statistical metrics employed to
assess the algorithm and tune its parameters. In addition, this section hosts a comparative
analysis that weighs the algorithm’s performance and synthesis on FPGA against current
state-of-the-art proposals. Finally, Section 5 concludes the work.

2. Proposed Work

This section details the main components of the proposed seizure detection system,
starting with a description of the double feature extraction stage that provides the basis for
the algorithm. Consequently, the multi-channel signal processing flow and threshold-based
decision rule used to detect the seizure onset are thoroughly explained.
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2.1. Features

Feature extraction is a critical step in seizure detection algorithms, as it transforms
the filtered neural signals into representations that highlight the more relevant patterns
pertaining to the ictal activity. In this work, two time-domain features were selected based
on their discriminative capability, computational efficiency, and ability to follow variations
associated with seizure onsets with relatively low latency. In limiting the feature set to
two, the overall complexity of the extraction stage is greatly reduced, making the system
suitable for resource-constrained hardware implementations. The specific features to be
extracted in the proposed algorithm are introduced and discussed in the following.

2.1.1. Power Difference

As seizure events occur, they manifest as sudden, abnormal bursts of synchronized
neural activity, often observable through sharp increases in amplitude and shifts in fre-
quency. To characterize rapid changes in signal dynamics, the first of the two considered
features quantifies the variation in instantaneous power by computing the difference be-
tween the squared values of consecutive samples. Such power difference (PD) can be
analytically expressed as

PD = x[n)? — x[n —1]? (1)

where x[n] denotes the amplitude of the n-th sample. The PD feature is effective in
capturing instantaneous power and frequency fluctuations with reliable consistency, as it
emphasizes localized shifts in amplitude, allowing it to distinguish between pre-ictal and
ictal states.

2.1.2. Line Length

Line length is a time-domain feature widely used in EEG/iEEG signal analysis due to
its high sensitivity to variations in both amplitude and frequency [20,21]. It is computed as
the cumulative sum of the absolute differences between consecutive signal samples within
a given time window of N samples, as defined in [22]:

N
LL =) |x[n] — x[n —1]| ()
n=1

In the initial stages of the ictal state, neural signals often exhibit subtle changes,
such as low-amplitude rhythmic oscillations or minor waveform distortions. These early
alterations may not be efficiently captured by the power difference feature alone, which,
being quadratic in nature, responds more prominently to abrupt, localized increases in
amplitude while tending to suppress smaller fluctuations, potentially resulting in delayed
seizure onset detection. In contrast, the line length feature offers greater sensitivity to these
early dynamics and, through its window-based cumulative process, generally yields a
smoother, monotonic increase in value that reflects the progression of the seizure event.

2.2. Proposed Algorithm

The proposed seizure detection algorithm, which is outlined in Figure 1, is based on a
thresholding principle that fully harnesses information provided by multi-channel neural
recordings to achieve a consistent and responsive discrimination. Particularly, since seizure
events are typically characterized by pronounced fluctuations, the proposed algorithm
leverages the LL and PD features to track and locally enhance such variations with respect
to inter-ictal neural dynamics. The combination of these two extracted features raises
the probability of correctly distinguishing false alarms from true epileptic events. To that
end, an initial offline calibration stage is employed to determine the optimal detection
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thresholds, thereby accounting for patient-specific variability and recording conditions,
as well as ensuring that the algorithm is able to operate reliably in a real-time scenario.

t T 1

e e LINE-LENGTH °
MULTI-CHANNEL
LOW-PASS DOUBLE FEATURE SEIZURE
FILTERING EXTRACTION DETECTION
ALGORITHM
PD

| ¥

OPTIMIZED DETECTION
PARAMETERS

RAW DIGITIZED
NEURAL DATA

Figure 1. General diagram of the proposed algorithm: (1) neural data are digitized by the analog
front-end, and (2) low-pass filtered for pre-processing. (3) Main time-domain features are extracted,
and (4) aggregated information is processed to detect seizure-related activity.

A window-based processing scheme is used to improve the temporal resolution of
detection and to organize the processing pipeline in a structured, stepwise manner. With an
appropriately chosen window length N, this approach also enhances the consistency of
the analysis. Indeed, windows that are too large can reduce the algorithm’s discriminative
ability and cause increases in latency, whereas excessively short windows may fail to
capture the characteristic fluctuations between ictal and inter-ictal states or make the
system more susceptible to false detections. For each window, the algorithm first extracts
the PD and LL features after low-pass filtering of the signal is performed. Next, seizure
discrimination is carried out by monitoring whether these features cross the detection
thresholds. The remainder of the section presents a detailed description of the general
processing chain involved in the proposed methodology.

2.2.1. Data Pre-Processing

Pre-processing is deliberately kept to a minimum in order to maintain a lightweight
algorithm that is well-suited for resource-constrained applications. In particular, advanced
artifact-removal techniques such as Independent Component Analysis (ICA) are not em-
ployed, as they introduce additional computational complexity and risk discarding signal
components that may still contain relevant seizure-related information.

A 64th-order low-pass Finite Impulse Response (FIR) filter, implemented using TDM
across recording channels, is applied to the incoming neural data. The FIR structure
ensures a linear phase response, which preserves the temporal coherence of the EEG
signals. The stop-band frequency is set to 50 Hz (Figure 2), effectively suppressing high-
frequency artifacts and noise while retaining the spectral bands most relevant for seizure
detection according to our study, namely Delta, Theta, Alpha, and Beta. Furthermore,
the selected order guarantees an attenuation of at least 60 dB at 50 Hz, ensuring robust
rejection of power-line interference.

This filter is included in the processing chain regardless of any pre-processing already
applied to the test datasets, providing a complete system that can operate directly on
in vivo neural data and remain adaptable for real-time implementation.
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Figure 2. 64-taps FIR filter magnitude and phase response.

2.2.2. Seizure Detection Algorithm

The overall algorithm is summarized in the high-level flow diagram shown in Figure 3.
Its operation can be divided into two main stages: single-channel processing and multi-
channel decision-making. The first stage focuses on the analysis of each EEG (or iEEG)
channel independently, while the second stage integrates information across multiple
channels to provide a final decision on seizure occurrence.
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Figure 3. Pseudo-algorithmic flow-diagram of the proposed seizure detection algorithm. The steps
are grouped by their functionality within the processing chain.

As a preliminary step, the acquired neural signals undergo low-pass filtering to
suppress high-frequency noise and reduce the influence of potential artifacts, as described
in Section 2.2.1. Following this pre-processing step, the algorithm proceeds in a window-
based fashion. At the beginning of the analysis, corresponding to the first sample of the first
window, all relevant parameters are initialized to zero. Specifically, the window sample-
related variable w is set to 0, and for each recording channel two dedicated variables are
initialized: (i) the Potential Seizure Event Counter (PSEC), which tracks the number of PD
threshold crossings within the window under analysis for a given channel, and (ii) the Flag
Counter (FC), which is later used in the decision stage to identify the presence of epileptic
seizure evidence shared among channels.

At this point, the single-channel processing phase is triggered. In particular, following
a first increment of the sample variable w, the PD is computed according to Equation (1).
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Meanwhile, the algorithm updates the running accumulation of the LL feature, with the
partial value being defined as LL(w). Since LL is defined as an accumulated measure, only
this intermediate value is provided during window progression, whereas the final value of
the accumulation, given in Equation (2), becomes available only at the end of the window
under analysis.

The first condition in the detection process evaluates the absolute value of the extracted
PD at each sample against a predefined threshold, Thr,. Such threshold is obtained from an
offline statistical analysis of a sufficiently large dataset to ensure proper tuning, accounting
for the trade-off between detection sensitivity, latency, and overall accuracy. Whenever the
threshold is exceeded, it indicates a potential seizure event for the corresponding channel,
resulting in an increment of PSEC.

PSEC +1, if [PD(w)| > Thr),
PSEC, otherwise.

PSEC = 3)

This process is reiterated for each sample in the current analysis window until all
samples have been processed. Once the last sample is evaluated, the window is complete,
and the algorithm can proceed to the next state of the flow diagram. Here, the LL is available
to be used for further evaluations. In particular, a double condition is checked in order to
potentially raise the seizure flag FC, and it is defined as follows:

freec
2 Lnrpp

where k. represents an empirical factor that quantifies the peak density of the PD feature
with respect to its threshold within the analysis window, while Thry | denotes the threshold
applied to the LL accumulated over the same window. Both parameters, similar to Thr, are
determined offline through a calibration process aimed at optimizing system performance.
The system of equations in Equation (4) implements a logical OR operation, meaning that if
either condition is satisfied the samples within the current window are flagged as abnormal,
and the flag counter FC; is set to 1, where i denotes the i-th channel.

Although the use of a logical OR operation makes the detection framework inherently
more permissive compared to a stricter AND condition, thereby potentially increasing
vulnerability to false positives, the actual impact on the False Positive Rate (FPR) remains
limited when the calibration process is properly carried out. In practice, the thresholds
are tuned in a way that balances the contribution of the PD and LL features, allowing
them to complement one another. This compensation mechanism ensures that the system
can achieve an improved trade-off between sensitivity and latency without a significant
degradation in accuracy.

The final stage of the algorithm integrates a multi-channel voting strategy to determine
the effective presence of ictal activity. Specifically, the seizure flags from all channels are
aggregated, and the percentage of marked channels is compared against a predefined
threshold, denoted as A. A seizure is declared only if the number of flagged channels
exceeds A, thus enhancing robustness against spurious detections on individual channels:

Nch
FC;=) FCi > A 5)
i

with FC; being the sum of the flags FC; across all processing channels. To further improve
the system’s reliability, the condition presented in Equation (5) is required to be satisfied
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over three consecutive windows, ensuring that the detected activity corresponds to a
sustained ictal pattern rather than a non-ictal fluctuation.

3. Hardware Implementation

The following section provides a detailed account of the hardware implementation
of the various functional blocks that compose the digital processing chain underlying the
proposed epilepsy detection algorithm. In that regard, the FPGA platform AMD Artix-7
was considered for the design’s realization. Specifically, the proposed processing chain
was implemented as a hardware-oriented simulation model in Simulink, using the AMD
proprietary System Generator libraries, integrated within the Vitis Model Composer tool.

This methodology allowed the proposed system to be thoroughly tested and validated
within a controlled software environment, while simultaneously supporting the automatic
generation of synthesizable HDL code. As such, the resulting system was simulated both
within the Simulink environment and the Vivado Design Suite using the CHB-MIT scalp
EEG dataset [23], which will be described in more detail in Section 4.1.

3.1. FIR Filter

As previously mentioned, the processing chain includes a 64th-order low-pass FIR
filter, implemented using a TDM approach. The choice of a FIR structure over an Infinite
Impulse Response (IIR) alternative ensures a linear phase response, thereby preserving
the temporal integrity of the EEG signals and avoiding distortions that could compromise
feature extraction. To optimize resources usage, the TDM approach enables the reuse of a
single DSP unit across the multiple input channels, which significantly reduces hardware
complexity while still meeting the required throughput.

The filter is designed to operate at a sufficiently high clock frequency to handle all
available recording channels in real time. Specifically, the operating frequency is defined as

frir > fs - New, (6)

where f; is the input sampling frequency, and N, represents the number of channels. This
relation ensures that the filter can sequentially process the i-th sample of each channel
across all coefficients before the next input sample arrives. The high-level functional timing
diagram of the FIR’s operation is shown in Figure 4. For illustrative purposes, the diagram
refers to a simplified case study with 16 input channels.

fir_out

data_ch0 /////// .
data_ch15 /////// ;

Figure 4. Timing diagram of the FIR filter operation, illustrating the sequential time-division multi-
plexing process for a generic case with 16 channels.

The filter coefficients were generated with MATLAB’s Filter Design and Analysis
(FDA) tool and provided as input to the Vivado FIR Compiler, which handles coefficient
quantization and hardware mapping. In this implementation, the coefficients are rep-
resented with a 16-bit word length, which ensures that the realized frequency response
closely matches the ideal design. The underlying architecture adopted for the FIR is a
systolic Multiply-Accumulate (MAC) structure, well suited for FPGA-based realizations
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(Figure 5). In this architecture, data flows through an array of interconnected processing
elements, each performing a partial multiplication and accumulation. This pipelined orga-
nization improves resource utilization, allowing the filter to sustain real-time operation
across multiple channels while maintaining scalability and predictable timing behavior.
For data alignment purposes, a series of First-In First-Out (FIFO) elements is used to ensure
proper TDM operation, while dedicated registers are inserted in the processing chain to

break critical paths.
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Figure 5. DSP slice of a multi-channel FIR filter operating in TDM.

To further optimize resources usage, part of the FIR FIFO used to delay the input data
is implemented using Block RAM (BRAM) elements instead of flip-flops, thereby reducing
the overall register count and improving area efficiency on the FPGA.

3.2. Double Feature Extractor

The hardware implementation of the double feature extracting core benefits from the
TDM architecture as well, specifically with regard to resource minimization (Figure 6).
The input data stream coming from the FIR filter is first demultiplexed, to account for the
sequential logic required by the definition of the PD and LL feature, and then multiplexed
again to perform the TDM operation. This approach enables the reuse of combinational
logic across channels, significantly reducing hardware overhead. Consequently, the PD
feature is implemented in TDM using two multipliers and a single subtractor.

The same multiplexed processing is applied to the computation of the absolute dif-
ference between consecutive samples required for the LL feature. However, unlike the
PD, the accumulation over the full window cannot be shared across channels, as each
channel requires an independent sum of its differences. For this reason, the LL implementa-
tion employs a dedicated accumulator per channel, while keeping the absolute-difference
computation time-shared across the multiplexed data stream.

3.3. Detection Unit

After filtering and processing by the TDM double feature extractor, the data stream is
sent to a demultiplexer and, subsequently, to the detection units, which include counters,
comparators, and a deglitch module apiece. Each PD sample triggers a comparator when
the condition in Equation (3) is satisfied, enabling an accumulator that increments by one
unit and is reset at the end of the operational window through dedicated logic. A second
comparator evaluates the peak density within the window, while, in parallel, a third one
assesses the LL at the end of the same temporal interval. The outputs of the two comparators
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are combined using a logical OR and drive specific logic that triggers a flag whenever either
the PSEC or the accumulated line length exceeds their respective thresholds.
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Figure 6. Hardware architecture of the TDM double feature extractor.

A dedicated deglitch unit, which is a temporal filter, stabilizes the output over a
defined time interval, with its operation being controlled by an edge detector that monitors
the comparators’ outputs.

Regarding the multi-channel voting, after proper type conversion, the single detectors’
outputs are fed to a tree of adders, which sum the contributions from each channel to
determine the percentage that have flagged potential ictal activity. The output of the
summing operation is evaluated by a comparator against the threshold A, implementing
the condition described in Equation (5). Once again, a deglitch unit is exploited to stabilize
the comparator’s output, which is subject to a final check by dedicated logic over three
consecutive windows.

3.4. Architecture-Level Hardware Simulation

Shown in Figure 7a is the model of the hardware architecture implementing a 20-
channel version of the proposed algorithm, emphasizing the scalability of the system.
The choice of twenty channels was deemed sufficient to meaningfully exploit the multi-
channel voting mechanism, while still maintaining a realistic hardware configuration.
As shown at the top of the figure, the 20 EEG inputs logged from the MATLAB environment
are collected and passed through a dedicated time-multiplexing block, which combines
them into a single interleaved stream. This stream, operating at the frequency specified in
Equation (6), is directed to the FIR filter stage, whose output signal is then delivered to the
dual feature-extraction unit, responsible for producing the PD and partial LL. After said
extraction, the TDM streams are demultiplexed to reconstruct 20 parallel signals per feature
at frequency fs, which are finally routed to the individual detection units, where the initial
stage of the decision process is carried out independently on each channel (Figure 7b).

The final element of the system incorporates the multi-channel voting block that was
previously described in detail. To demonstrate the proper functionality of the system
at hardware-level, the output of the detector when fed with a seizure-affected sample is
presented in Figure 8.
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Figure 7. (a) Simulink model of a 20 channel implementation of the proposed algorithm. (b) Focus
on the single-channel detection blocks that comprise the overall detection unit.
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Figure 8. Detector’s output simulated in Simulink. Depicted are (a) the output of the channel voting
unit, along with (b) the actual seizure detection result.

Notably, it can be observed that, as the ictal state begins, the number of channels that
flag the presence of seizure-related activity (Figure 8a) starts incrementing rapidly, as a
consequence of both the increased density of PD peaks and the elevated LL values observed
across multiple channels. The multi-channel voting mechanism continuously monitors this
count, and once the latter exceeds the predefined threshold A, set to 5 in this example, for at
least three consecutive windows, the detector output is activated, as illustrated in Figure 8b.

The system was then imported into the Vivado Suite to be synthesized and to perform
a functional simulation. Figure 9 shows the result of the detection when fed with EEG data
capturing a segment that includes the transition from non-ictal to ictal activity. For visual
clarity, only three channels are present in the waveform window. In this case, it is evident
that the system reacts rapidly to the presence of abnormal seizure-related patterns.
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Figure 9. Vivado simulation reporting key waveforms of the algorithm’s RTL implementation.
Depicted are the three input EEG data taken from the CHB dataset, and the output of the detector.

3.5. FPGA Synthesis Results

To validate the simplicity of the proposed work, the overall architecture was synthe-
sized on an FPGA platform, namely the AMD Artix-7 XC7A100T FPGA. Without loss of
generality, a 4-channel version was prepared for the sake of the synthesis, in order to be
reasonably comparable with state-of-the-art single-channel implementations while keeping
the multi-channel facet peculiar to the proposed algorithm. The resulting report is compiled
in Table 1, showing the exact unit utilization, correlated with the percentage of the same
with respect to the available resources on the chosen platform. As can be observed, the re-
ported results corroborate the low complexity and efficiency of the proposed architecture,
confirming its suitability for real-time implementation on resource-constrained hardware.

Table 1. Synthesis results showing resource utilization on the AMD Artix-7 XC7A100T FPGA with a
4 input channel configuration.

Resources Utilization Available Utilization (%)
LUT 192 63,400 0.30
FF 500 126,800 0.39
DSP 3 240 1.25
BRAM 0.5 135 0.37

4. Experimental Results and Comparative Analysis

This section describes the simulation framework, with a focus on the datasets used for
tuning and validating the algorithm in the MATLAB 2021a environment. Key figures of
merit employed to assess the detector are also presented. Finally, the results of applying the
algorithm to the CHB-MIT and SWEC-ETHZ datasets are reported and analyzed in detail
and compared against current state-of-the-art proposals. Additional comparisons will also
address the hardware resource allocation with respect to other implemented designs.

4.1. Simulation Setup and Datasets

The following sub-section describes the datasets employed to evaluate the proposed
algorithm. For a proper assessment, both a scalp EEG dataset and an iEEG dataset were
considered. The latter includes short-term sessions, focused on few minutes centered
around the ictal activity, and long-term recordings, which provide realistic conditions of
extended monitoring periods.
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4.1.1. CHB Dataset

For validation, the proposed algorithm was tested on the publicly available CHB-
MIT Scalp EEG dataset, collected at Boston Children’s Hospital in collaboration with the
Massachusetts Institute of Technology [23]. The dataset contains long-term EEG recordings
from 23 pediatric patients with epilepsy, comprising 9 to 40 sessions per subject and totaling
over 900 h. Signals were acquired with the international 10-20 electrode system, sampled
at 256 Hz with 16-bit resolution, and generally included 23 recording channels. Each
recording is accompanied by expert-annotated seizure onset and offset times, providing a
benchmark for the statistical analysis of the detector. Information pertaining to the CHB
dataset is annotated in Table 2.

Table 2. Summary of the CHB dataset, including the number of patients, their age and gender, seizure
counts, and average seizure time per patient.
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4.1.2. SWEC-ETHZ iEEG Database

The long-term SWEC-ETHZ iEEG dataset comprises 2656 h of continuous recordings
from 18 patients with pharmaco-resistant epilepsy, collected during pre-surgical evaluation
at the Sleep-Wake-Epilepsy-Center (SWEC) of the University Department of Neurology,
Inselspital Bern, in collaboration with the Integrated Systems Laboratory of ETH Zurich.
The dataset includes 116 annotated seizure events, acquired with strip, grid, and depth
electrodes. Signals were median-referenced, band-pass filtered between 0.5 Hz and 120 Hz
using a fourth-order Butterworth filter, and digitized at 512 Hz or 1024 Hz with 16-bit
resolution [24].

As with the previously mentioned dataset, the recordings are accompanied by annota-
tions that label the beginning and conclusion of seizure events, determined through visual
inspection by clinical experts. The overall number of seizures per patient, as well as the
average seizure time, have been reported in Table 3. Contrary to the CHB-MIT dataset, it
can be observed that the number of channels per patient varies greatly, ranging from 24 to
over 100.

Table 3. Summary of the long-term SWEC-ETHZ iEEG dataset, including the number of channels,
seizure counts, and average seizure time per patient.
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To further test the adaptability of the algorithm, the short-term SWEC-ETHZ iEEG
dataset was also taken into consideration (Table 4). Such collection of samples includes
100 recordings taken from 16 patients. Each recording contains 3 min of pre-ictal activity,
the ictal segment, and 3 min of post-ictal activity [25].
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Table 4. Summary of the short-term SWEC-ETHZ iEEG dataset, including the number of patients,
average seizure time, seizure counts, and variability in the number of channels per patient.
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Results from the simulation of the algorithm on the aforementioned datasets are
thoroughly analyzed in the coming section.

4.2. Performance of the Proposed Algorithm

This section presents the metrics used to calibrate and assess the performance of the
proposed algorithm. The subsequent results summarize its application across the selected
datasets, with all simulations conducted in the MATLAB environment.

4.2.1. Evaluation Metrics

Before delving into the simulation results, it is necessary to introduce the statistical
metrics used to both tune the thresholds and assess the algorithm’s efficiency on test
data. First, the definition of accuracy adopted in this work, as defined in [15], is based
on the ratio of correctly classified samples to the total number of samples, thus providing
a comprehensive performance indicator that accounts for both correct detections and
misclassifications. As such, it can be expressed as:

Accuracy = TP+ TN X
Y= TP 1 IN + FN + FP

100. @)

Here, TP denotes the number of true positives, corresponding to correctly detected
seizure samples, while FN represents the amount of false negatives, that is, missed detec-
tions. FP indicates the portion of false positives, interpreted as incorrect detections during
normal neural activity. Finally, TN refers to the number of samples correctly identified as

non-seizure related (Figure 10).
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Figure 10. Explanatory illustration of (a) false negatives, and (b) false positives.

In addition, sensitivity is introduced as a metric that quantifies the algorithm’s ability
to correctly detect epileptic seizures. It is defined as the ratio between true positives and
the sum of true positives and false negatives, thereby measuring the percentage of seizures
that are successfully identified. As such, this metric is not influenced by the quantity of
true negatives, nor by the number of false positives, as it interests solely the classification
of the actual seizure event. The formula for sensitivity is defined as follows:

TP
SenSitiVity = m x 100. (8)
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In practice, it depends not only on whether a seizure is detected, but also on how
quickly the detection occurs, as delayed detections increase the number of unidentified
positives and thus lower the sensitivity.

To quantify the algorithm’s responsiveness, latency has also to be taken into account.
The latter refers to the time interval, typically measured in seconds, between the actual
onset of a seizure and its detection performed by the algorithm. In this study, where testing
is performed on recorded datasets rather than live subjects, latency is calculated as the
difference between the detection time and the seizure onset as indicated by the clinical
annotation provided with each sample.

The expression for latency adopted throughout the development of this work is
therefore equal to:

Latency = Tonset — Taetections )

where Tj;50¢+ denotes the timestamp of the seizure’s beginning provided with the test sam-
ples, while Ty.tection Tepresents the instant in which the detection first occurs. Specifically,
Tietection 18 identified as the earliest time instant within the annotated ictal window from
which the algorithm consistently flags seizure-related activity across channels. It must be
noted that the metric defined in Equation (9) carries a degree of uncertainty due to the
subjective nature of the annotations, with the marked onsets possibly not aligning with the
physiological genesis of the epileptic seizures.

Figure 11 shows a practical example of the delay described above, illustrating how
the inherent properties of the threshold-based algorithm can cause its identification of
physiological changes in neural patterns to diverge from the annotated seizure onset due
to uncertainty in the onset timing.
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Figure 11. Example case illustrating a detection delay with the threshold-based algorithm, showing
the seizure being identified slightly after the annotated onset.

4.2.2. Simulation Results

Simulations were first conducted on the CHB-MIT dataset, selecting five patients as
representative examples. All available seizure samples for these patients were used to
evaluate the algorithm. Since each sample is 60 min long, they provided sufficient ictal
and inter-ictal data to perform threshold calibration using only the first seizure-containing
sample per subject. Such tuning aimed to achieve an optimal trade-off between accuracy
and sensitivity. Subsequent test samples were then evaluated using the fixed thresholds
obtained from the initial tuning.

The calibration itself was performed individually for each patient in the CHB-MIT
dataset and reiterated for those in the other datasets. The process involved iteratively
running the algorithm on the sample of data reserved for tuning. Initial thresholds for
the LL and PD features were defined as scaled versions of their standard deviations and
progressively adjusted, together with the counter variable k., to maximize detection accu-
racy. Once satisfactory accuracy was reached, Thry, and Thry; were gradually lowered to
achieve at least 90% sensitivity, or preferably higher, while maintaining accuracy above
a target value. Detection latency showed a strong dependence on sensitivity, as higher
sensitivity generally reduced missed detections and thus latency. The parameter A was
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contextually optimized based on the number of channels, corresponding to the number of
electrodes used to record the neural data, and was set to represent a fixed percentage of
the total. The results reported for the CHB dataset, as well as the SWEC-ETHZ datasets
presented later, reflect this patient-specific calibration procedure.

For simulations of the algorithm conducted on the CHB dataset, as well as the intracra-
nial SWEC-ETHZ datasets, a duration of 1 s was established for the processing windows,
corresponding to f; samples. This configuration was identified as optimal after evalu-
ating multiple window sizes and observing superior overall detection performance and
consistency across datasets.

Regarding the scalp EEG CHB-MIT dataset, results reported in Table 5 demonstrate
that the proposed algorithm achieves excellent performance across all tested subjects.
Average accuracy per patient ranges from 95.95 % (CHBO07) to 98.23 % (CHBO05), while
sensitivity remains consistently high, often approaching 100 %. Detection delays are low,
with an overall mean of 3.37 s, and false positive rates are well contained, averaging
2.26 % per hour, supporting the method’s reliability in distinguishing seizure and non-
seizure activity. Since the threshold is kept constant across all test samples, there is a slight,
though not majorly significant, decrease in accuracy for later seizure events, suggesting
potential for improvement through an adaptive thresholding or autocalibration strategy to
maintain uniformly high performance over time.

Table 5. Detection metrics per seizure and patient-level averages. CHB Dataset.

Patient Test Seizure  Accuracy (%)  Sens. (%) Delay (s) FPR/h (%)
CHBO1 #1 98.91 99.99 0 1.09
#2 96.90 99.99 0 3.10
#3 98.36 100 0 1.64
#4 99.77 100 2 0.23
#5 97.73 96.47 4 2.18
#6 96.62 100 3 3.38
Avg 98.04 99.40 1.5 1.94
CHBO05 #1 99.40 98.05 8 0.55
#2 99.22 92.39 5 0.57
#3 99.20 97.41 4 0.72
#4 95.11 100 13 4.89
Avg 98.23 96.96 25 1.68
CHBO07 #1 96.64 97.77 6 3.30
#2 95.26 97.65 7 4.66
Avg 95.95 97.71 6.5 3.98
CHB09 #1 98.51 99.99 3 1.49
#2 96.78 99.99 2 3.22
Avg 97.64 99.99 225 2.35
CHB23 #1 96.93 99.99 2 3.07
#2 98.00 99.99 -5 2.04
Avg 97.46 99.99 —-1.5 2.55
AVERAGE 97.71 98.73 3.37 2.26

Concerning the short-term SWEC iEEG dataset, threshold calibration required a
different approach due to the limited inter-ictal data in each sample. Approximately half
of the seizure-marked recordings were used for training to properly tune the thresholds,
while the remaining half were reserved for testing. It must be noted that, given the short
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duration of the samples, particularly in terms of inter-ictal activity, the identification of true
positives carries more weight, as there are fewer true negatives available.

The results reported in Table 6 indicate that the proposed algorithm performs very
well under these conditions. Accuracy for individual seizures is high, with patient-level
averages exceeding 98 % in the examples reported. Sensitivity remains consistently close
to 100 %, demonstrating reliable detection of ictal activity. Detection delays are generally
low, ranging from 5 to 13 s on average per patient, and false positive rates are minimal,
highlighting the method’s reliability even in recordings with limited inter-ictal periods and
highly variable electrode configurations.

Table 6. Detection metrics per seizure and patient-level averages. SWEC-ETHZ short-term dataset.

Patient Test Seizure Accuracy (%)  Sens. (%) Delay (s) FPR (%)
ID2 #1 99.33 100 8 0.67
#2 97.73 100 3 2.27
Avg 98.53 100 5.5 1.47
ID5 #1 96.59 95.83 9 2.73
#2 99.33 100 13 0.67
#3 98.48 95.50 14 0.65
#4 98.51 100 8 1.49
#5 97.49 100 4 2.51
Avg 98.08 98.27 9.6 1.61
ID6 #1 99.38 97.32 14 0
#2 98.55 98.15 12 0.91
Avg 98.76 97.73 13 0.45
D8 #1 97.39 97.96 14 2.38
ID10 #1 99.73 99.98 4 0.27
#2 100 99.98 6 0
Avg 99.86 99.98 5 0.13
AVERAGE 98.54 98.73 9.08 1.21

For the evaluation on the long-term SWEC iEEG dataset, five subjects were selected,
similarly to the previous runs on the short-term dataset. As with the CHB dataset, 60 min
long recordings were used, and a single sample containing a seizure event was sufficient to
tune the algorithm and calibrate the thresholds depending on the tested subject. The results
reported in Table 7 show that the algorithm maintains high accuracy and sensitivity, compa-
rable to those obtained on the CHB dataset. However, for both iEEG datasets, the average
latency is slightly longer, which can be attributed to a certain degree of uncertainty in
the seizure onset annotations in the SWEC recordings. It is also worth noting that some
tests show a delay of 0 s or even negative values; despite the algorithm incorporating an
intrinsic three-second delay due to the conclusive check over three consecutive windows
before marking a seizure, these cases likely reflect the algorithm detecting early pre-ictal
physiological fluctuations.

Table 7. Detection metrics per seizure and patient-level averages. SWEC-ETHZ long-term dataset.

Patient Test Seizure Accuracy (%) Sens. (%) Delay (s) FPR (%)
ID1 #1 99.22 99.29 2 0.67
D2 #1 97.78 95.18 8 2.11
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Table 7. Cont.

Patient Test Seizure Accuracy (%)  Sens. (%) Delay (s) FPR (%)
ID3 #1 99.92 95.16 2 0
#2 100 100 2 0
#3 99.92 95.52 3 0
Avg 99.95 96.89 2.33 0
ID15 #1 97.36 100 13 2.64
ID16 #1 99.64 100 13 0.36
#2 99.47 100 9 0.53
#3 99.53 100 7 0.47
#4 88.61 100 7 11.39
Avg 96.81 100 9 3.19
AVERAGE 98.14 98.51 6.60 1.82

4.3. Comparative Analysis with State-of-the-Art

In this section, the results of the simulations conducted on the CHB-MIT and SWEC-
ETHZ datasets are compared against other state-of-the-art proposals. Notably, works

pertaining to the latter of the two datasets have been considered both regarding the short-

form and the long-form variants. As shown in Table 8, comparisons were made with

respect to algorithms that were tested on either of the two datasets, with most of them

being the product of machine-learning-based approaches. Included in Table 8 are also

works that were evaluated on different publicly available datasets, with a distinction being

made between EEG and iEEG signals. Additionally, not all references proposed in said

table have been implemented.

Table 8. Comparison of performance metrics against recent state-of-the-art proposals. Colored in

yellow are works appied to EEG data, colored in green are works applied to iEEG data.

Reference Type %Sens. %Acc. Latency (s) Database
[12] 2D-CNN 100.00 - 2.10 CHB
[16] RUSBoost 95.00 99.71 6.83 CHB
[13] SVM 97.20 97.80 1.10 CHB
[17] ADCD 96.00 - 4.21 CHB
[26] CNN 97.57 98.90 10.46 CHB
[27] SVM 96.15 96.38 10.42 CHB
[28] SVM 95.20 - 6.40 CHB
[29] Rand. Forest 98.00 98.00 - UCI-ESR
[30] RVM 96.00 99.88 1.89 Bonn/CHB

This Work Thr-Based 98.73 97.71 3.37 CHB
[31] LBP+HD 96.01 95.42 15.90 SWEC-SH
[14] Thr-Based 100 - 8.22 SWEC-SH
[25] LBP 96.38 96.85 8.81 SWEC-SH
[32] SVM 94.46 - 11.1 Freiburg
[33] 2D-CNN 97.50 - 13.7 SWEC-SH
[24] Laelaps 85.5 - 18.9 SWEC-LO

This Work Thr-Based 98.73 98.54 9.08 SWEC-SH

This Work Thr-Based 98.51 98.14 6.60 SWEC-LO

This Work Thr-Based 98.62 98.34 7.84 SWEC-AV

SH: short-term; LO: long-term; AV: average results between short-term and long-term.
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The reported results show that the proposed work, in spite of its simplicity, manages
to yield comparable scores in terms of accuracy and sensitivity, with latency times that
do not deviate particularly from the average of about 5 s. The proposed threshold-based
algorithm demonstrates high performance on the CHB-MIT dataset, achieving a sensitivity
of 98.73% and an accuracy of 97.71% on average. These results are comparable to or exceed
those obtained by more complex, machine-learning-based approaches, including 2D-CNNs,
SVMs, RUSBoost, and Random Forests, which typically require extensive feature extraction
and model training. In addition to its competitive accuracy, the algorithm exhibits a low
detection latency of 3.37 s on average, outperforming several ML-based methods that
report longer response times. Favorable results were also obtained when evaluating the
algorithm on the iEEG dataset against similarly tested approaches. On average across the
tested samples, the proposed method achieved a sensitivity of 98.62% and an accuracy
of 98.34%, both higher than most existing works and indicative of resilience against false
detections. Latency performance was also superior, regardless of the distinction between
long-term or short-term variants, yielding an overall average of 7.84 s.

As shown in Figure 12, the latency values reported for various algorithms on the CHB
and SWEC datasets reveal notable differences across datasets. For most state-of-the-art
methods, latencies increase when tested on the iEEG SWEC dataset compared to CHB,
suggesting potential inconsistencies in the annotations or differences in the characteristics
of the SWEC recordings. The points corresponding to the proposed approach demonstrate
competitive performance on both datasets, achieving low latency comparable to other meth-
ods on CHB while maintaining robust performance on SWEC, with results on the long-term
SWEC dataset among the best reported. These results suggest that the method generalizes
effectively across datasets and further emphasize the importance of cross-dataset validation
to account for possible differences in annotation protocols and signal characteristics.
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Figure 12. Trends in latency related to detection algorithms applied to CHB or SWEC-EHTZ datasets.

4.4. Hardware Resource Comparisons

This section presents the FPGA synthesis results, summarized in Table 9, and juxta-
poses them with recent hardware implementations. Here, the strength of this design is
particularly highlighted, as the comparisons show that the proposed work relies on minimal
resources to be effective. The proposed solution achieves the lowest usage of LUTs and FFs
among AMD Artix-7 implementations and requires only 3 DSP blocks, demonstrating an
efficient mapping of the algorithm to hardware. Notably, the number of DSPs does not in-
crease with the number of channels, as they are shared via the TDM implementation, unlike
with other methods where DSP usage may scale with the channel count. The small overall
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resource footprint suggests that the algorithm could be implemented on limited platforms
or even ASICs to further push the miniaturization process with sub-micron nodes.

Table 9. Comparison of FPGA synthesis reports.

Reference Year Board LUT FF DSP
[34] 2018 M2GL025 5355 357 -
[14] 2022 Cyclone V 1856 3088 5
[35] 2022 Zyng-7000 5202 10,196 -
[36] 2022 Artix-7 5934 4015 -
[19] 2023 Artix-7 1150 492 14
[18] 2025 Altera DE2 1095 - 9
This Work 2025 Artix-7 192 500 3

5. Conclusions

In this work, a low-complexity threshold-based seizure detection algorithm was
presented and thoroughly assessed in terms of both performance on pre-existing datasets
and hardware resource allocation when implemented on the AMD Artix-7 FPGA board.
By exploiting the PD and LL time-domain features, the architecture is able to isolate and
effectively detect the abnormal activity related to the presence of an epileptic seizure,
provided that a calibration of the thresholds is carried out beforehand. The accuracy
and sensitivity of the proposed system were evaluated using the CHB-MIT scalp EEG
dataset and the SWEC-ETHZ iEEG dataset, both in its long-term and short-term variant.
After testing on over 35 samples taken from said datasets, the simulated accuracy exceeded
on average 98%, with similar results being obtained with regard to the average sensitivity.
The latency of the system, when compared against more complex state-of-the-art proposals
pertaining to the specific datasets, is among the shortest, with recorded averages of 3.37 s
(CHB) and 7.84 s (SWEC).

The simplicity of the algorithm translates into minimal resource requirements for
hardware implementation. FPGA synthesis results demonstrated substantial improve-
ments in LUT, DSP, and FF utilization compared with single-channel designs. For fairness,
a 4-channel version of the framework was considered in the comparison, ensuring full func-
tionality of the proposed architecture. Moreover, the adoption of a TDM approach for both
pre-processing and feature extraction prevents resources usage from scaling linearly with
the number of channels, further strengthening the efficiency of the solution. Overall, these
results demonstrate that the proposed detection algorithm is accurate, fast, and lightweight,
making it well-suited for real-time applications in hardware-constrained environments.
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Abstract

This work presents the development of an Artificial Intelligence (Al)-based pipeline for
patient-specific three-dimensional (3D) reconstruction from oncological magnetic resonance
imaging (MRI), leveraging image-derived information to enhance the analysis process.
These developments were carried out within the framework of Cella Medical Solutions,
forming part of a broader initiative to improve and optimize the company’s medical-image
processing pipeline. The system integrates automatic MRI sequence classification using
a ResNet-based architecture and segmentation of anatomical structures with a modular
nnU-Net v2 framework. The classification stage achieved over 90% accuracy and showed
improved segmentation performance over prior state-of-the-art pipelines, particularly for
contrast-sensitive anatomies such as the hepatic vasculature and pancreas, where dedi-
cated vascular networks showed Dice score differences of approximately 20-22%, and for
musculoskeletal structures, where the model outperformed specialized networks in several
elements. In terms of computational efficiency, the complete processing of a full MRI case,
including sequence classification and segmentation, required approximately four minutes
on the target hardware. The integration of sequence-aware information allows for a more
comprehensive understanding of MRI signals, leading to more accurate delineations than
approaches without such differentiation. From a clinical perspective, the proposed method
has the potential to be integrated into surgical planning workflows. The segmentation out-
puts were converted into a patient-specific 3D model, which was subsequently integrated
into Cella’s surgical planner as a proof of concept. This process illustrates the transition
from voxel-wise anatomical labels to a fully navigable 3D reconstruction, representing a
step toward more robust and personalized Al-driven medical-image analysis workflows
that leverage sequence-aware information for enhanced clinical utility.

Keywords: artificial intelligence; 3D reconstruction; image-derived information; Dice score
improvement; surgical planning; anatomical segmentation; oncological imaging; magnetic
resonance imaging (MRI)

1. Introduction

Cancer remains one of the most pressing global health challenges, characterized by
the uncontrolled growth and spread of abnormal cells that can invade surrounding tissues
and metastasize to distant organs. According to the most recent GLOBOCAN estimates,
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more than 20 million new cancer cases and 9.7 million cancer-related deaths were reported
worldwide in 2022, with projections indicating an increase to over 35 million new cases
annually by 2050 [1]. This rising burden is influenced by population growth, aging, lifestyle
factors, and environmental exposures.

At the level of developed countries, similar trends are observed across multiple tumor
types. Although incidence and mortality vary by region and socioeconomic context, factors
such as obesity, smoking, alcohol consumption, sedentary lifestyles, and reproductive pat-
terns play a significant role in cancer epidemiology. The increasing incidence of early-onset
cancers further underscores the need for more effective diagnostic and treatment strategies.

Early detection remains a cornerstone for improving cancer outcomes, as timely
diagnosis is associated with higher survival rates, reduced treatment-related morbidity,
and improved quality of life. International health organizations emphasize that delays in
diagnosis significantly compromise treatment success, whereas early identification enables
more effective and less invasive therapeutic interventions.

Within oncological management, surgical treatment continues to play a central role,
particularly for solid tumors. Successful surgical outcomes depend heavily on accurate
preoperative planning, which requires precise knowledge of tumor extent and its spatial
relationship with surrounding anatomical structures. In this context, medical imaging
is indispensable. Among imaging modalities, magnetic resonance imaging (MRI) offers
excellent soft-tissue contrast, multiplanar capabilities, and the absence of ionizing radiation,
making it especially valuable for oncological applications in the brain, abdomen, pelvis,
and musculoskeletal system.

Despite these advantages, the manual interpretation, classification, and segmentation
of MRI scans remain time-consuming and subject to inter- and intra-observer variabil-
ity. Radiological workflows rely extensively on expert knowledge to identify relevant
anatomical structures and differentiate tissue characteristics across MRI sequences, a pro-
cess that becomes increasingly challenging with the growing volume and complexity of
imaging data.

Artificial intelligence (Al), particularly deep learning (DL), has emerged as a powerful
tool to address these challenges. Convolutional neural networks have demonstrated strong
performance in medical image classification and segmentation tasks, enabling automated
extraction of hierarchical features directly from imaging data. Architectures such as U-
Net and its derivatives, including nnU-Net, have established themselves as reference
methods for biomedical image segmentation due to their adaptability and robustness
across diverse datasets.

However, many existing Al-based MRI pipelines focus primarily on segmentation
while overlooking the explicit role of MRI sequence type in image appearance and con-
trast. In clinical practice, differences between T1- and T2-weighted sequences significantly
affect tissue visualization and anatomical delineation, suggesting that sequence-aware
approaches may provide more accurate and clinically meaningful results.

In this work, we propose an integrated Al-driven pipeline for oncological MRI anal-
ysis that explicitly incorporates MRI sequence classification as a preliminary step. The
framework automatically classifies MRI volumes into T1- or T2-weighted sequences and
subsequently applies sequence-specific and general deep learning segmentation models to
generate three-dimensional anatomical reconstructions suitable for surgical planning.

The main contributions of this study include: (i) the development of an automatic
MRI sequence classification module based on deep learning, (ii) the design and evaluation
of sequence-specific and general segmentation networks for clinically relevant abdominal
structures, and (iii) the integration of the resulting segmentations into a three-dimensional
visualization environment to support surgical planning workflows.
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In the remainder of this work, we first review prior research on artificial intelligence
applied to oncological MRI, with emphasis on classification and segmentation strategies,
which is provided in Section 2. Section 3 describes the methodology adopted in this study,
including dataset preparation, model architectures, training procedures, and implemen-
tation details. The experimental results are presented next in Section 4, covering both
quantitative evaluations and qualitative analyses of the model’s assessments by clinical
experts. Next, in Section 5, we discuss the main findings and their implications. Section 6
summarizes the limitations of this study and outlines future work directions. Finally, in
Section 7, we conclude the manuscript by highlighting the main contributions.

2. Related Work

This section reviews methods for enhancing surgical planning with Al-driven seg-
mentation and classification of oncological MRI scans. We organize prior work into six the-
matic areas:

(i) Classical and radiomics-based approaches;

(ii) Deep learning approaches for segmentation;

(iii) Deep learning approaches for classification;

(iv) Hybrid pipelines combining classification and segmentation;
(v) Learning with limited labels and domain shift;

(vi) Clinical integration, uncertainty, and evaluation.

The first category, classical and radiomics-based approaches, formed the foundation
of early clinical pipelines for oncological MRI analysis. Atlas-based registration methods
demonstrated strengths in anatomically constrained environments but showed sensitivity
to registration errors and anatomical variability [2]. Graph cut formulations enabled
efficient global energy minimization for segmentation but required careful hand-crafting
of energy terms and parameter tuning [3]. These methods, while foundational, faced
limitations in reproducibility and scalability within large-scale surgical workflows.

The emergence of radiomics addressed some limitations by extracting hand-crafted
intensity, texture, and shape features for classical machine learning classifiers. Aerts et
al. demonstrated the prognostic value of engineered features across multiple cancers [4].
However, feature stability across scanners and sequences remained a significant challenge,
limiting deployment in heterogeneous MRI cohorts. These approaches fundamentally
lacked the adaptability and representation learning capabilities of modern deep learn-
ing methods.

The second category, deep learning approaches for segmentation, was revolutionized
by the introduction of the U-Net architecture, which combined multi-scale contracting
and expanding paths with skip connections [5]. Its extensions to 3D volumes proved
essential for oncological MRI applications. Cigek et al. introduced 3D U-Net for volumetric
segmentation [6], while Milletari et al. proposed V-Net with Dice-based loss to address
class imbalance in lesion segmentation [7]. The nnU-Net framework further advanced
the field by automating preprocessing, network configuration, and postprocessing [8],
demonstrating that principled heuristics could rival bespoke designs. Architectural refine-
ments including U-Net++ with dense skip connections [9] and Attention U-Net with spatial
gating mechanisms [10] improved boundary precision and sensitivity to small, low-contrast
lesions typical in oncologic MRL

The third category, deep learning approaches for classification, brought significant
advances to MRI sequence identification and tumor characterization. ResNet architec-
tures stabilized training in very deep networks through residual connections [11], while
DenseNet improved feature reuse and parameter efficiency [12]. EfficientNet introduced
compound scaling to balance depth, width, and resolution [13], particularly beneficial for
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high-resolution MRI data. More recently, Vision Transformers [14] and Swin Transform-
ers [15] modeled long-range dependencies through self-attention mechanisms, showing
promising results for medical image classification tasks.

The fourth category, hybrid pipelines and multi-stage approaches, offers a practical
strategy for handling heterogeneous MRI cohorts by first classifying acquisition sequences
or tumor categories before performing segmentation. Litjens et al. documented consistent
performance gains from such modular designs in their comprehensive survey of deep
learning in medical imaging [16]. Within neuro-oncology, the BraTS challenge catalyzed
development of cascaded and multi-branch networks that integrate sequence-level cues
with subregion segmentation [17,18]. These approaches demonstrated the benefits of lever-
aging complementary sequences (e.g., FLAIR for edema, T1c for enhancing core) but often
lacked explicit sequence classification modules to normalize inputs prior to segmentation.

These approaches demonstrated the benefits of leveraging complementary sequences
but often operated under the assumption of standardized input protocols. The critical step
of explicit sequence classification to normalize inputs prior to segmentation—particularly
vital in multi-center surgical settings with inherent protocol variability—remains underex-
plored, a gap our pipeline specifically addresses.

The fifth category, learning with limited labels and domain adaptation, addresses
the fundamental challenge of label scarcity in oncology MRI. Semi-supervised and self-
supervised approaches have shown promise in mitigating this limitation. Bai et al. utilized
weak supervision and shape priors for cardiac MRI segmentation [19], while Chaitanya
et al. employed contrastive learning to develop robust representations from limited an-
notations [20]. Domain adaptation methods have specifically addressed the challenge
of distribution shift across institutions. Kamnitsas et al. introduced unsupervised do-
main adaptation for lesion segmentation [21], and Karani et al. proposed task-driven
image harmonization to reduce inter-site variability [22]. These techniques remain under-
utilized in surgical planning-grade studies, where their potential impact is magnified by
the prohibitive cost of expert annotation and the critical need for model robustness across
institutional boundaries in multi-center evaluations aligned with clinical endpoints.

The last category, clinical integration and uncertainty quantification, emphasizes that
calibrated uncertainty estimates and robust evaluation metrics are essential for clinical
deployment. Kendall et al. decomposed predictive uncertainty into aleatoric and epis-
temic components, demonstrating improved reliability for segmentation tasks [23]. Taha
and Hanbury analyzed metric behavior and pitfalls in 3D segmentation, recommending
complementary measures for surgical planning validation [24]. Despite these advances,
uncertainty quantification and calibration are not routinely reported in segmentation stud-
ies. Furthermore, while technical performance metrics dominate the literature, few works
deliver modular, auditable pipelines that output patient-specific 3D assets directly consum-
able by surgical planning platforms—a crucial translation gap identified in comprehensive
reviews of medical Al deployment [25].

In summary, existing Al-based pipelines for oncological MRI analysis have demon-
strated remarkable performance in controlled research settings, yet several limitations
persist. Many approaches fuse sequences without explicit classification and normalization,
show limited multi-center generalization, underutilize semi- or self-supervised methods,
provide insufficient uncertainty quantification, and rarely offer modular, auditable pipelines
suited for clinical integration. To address these challenges, our work introduces a modular
pipeline that classifies MRI sequences prior to segmentation, employs robust NN-based seg-
mentation with standardized preprocessing and postprocessing, and produces calibrated,
auditable results ready for clinical deployment. By bridging these gaps, our approach
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advances the translation of technical innovation into clinical applicability for oncological
MRI surgical planning.

3. Methodology

This section describes the dataset, model architecture, and training procedures used
for MRI sequence classification (T1 vs. T2) and anatomical segmentation as part of an Al
pipeline for surgical planning. In the stage of classification, the study was conducted in
three stages of training, progressively refining the dataset and model configuration. The
dataset was refined across three training stages: an initial set of 363 volumes, a filtered
and expanded set of 2286 volumes, and a third training stage focusing on extended epochs
to optimize performance. A ResNet18 architecture was adapted for volumetric inputs
and binary classification. To support this task, the inherent contrast differences between
T1- and T2-weighted MRI were leveraged: in T1-weighted images, fat-rich tissues appear
hyperintense, providing clear anatomical boundary definition, whereas in T2-weighted
images the fluid-rich structures such as cerebrospinal fluid appear hyperintense, enhancing
contrast in edema, inflammation, and other fluid-related pathologies, as shown in Figure 1.
In contrast, fluid-containing structures present higher signal intensity, making them more
suitable for highlighting pathological or inflammatory conditions. Next, a segmentation
stage was implemented, which employed a modular nnU-Net framework with networks
specialized in anatomical subsets including major organs, vasculature, musculoskeletal
structures, and tumors. Training used the Adam optimizer with carefully selected batch
sizes, learning rates, and epochs adjusted per dataset and task. Model performance was
evaluated using Dice coefficient, Intersection over Union, and Hausdorff distance. The

subsequent subsections present a comprehensive and detailed explanation.

Figure 1. The (left) picture shows a T1-weighted MRI scan, where fat-rich tissues appear hyperintense,
providing clear anatomical boundary definition. The (right) picture shows T2-weighted MRI scan,
where fluid-rich structures such as cerebrospinal fluid appear hyperintense, enhancing contrast in
edema, inflammation, and other fluid-related pathologies.

3.1. Dataset

The dataset used in this study consists of clinical MRI images stored in Cella’s in-
ternal PACS system, covering brain, thoracic, abdominal, and pelvic regions. The study
was conducted in three training stages, progressively refining both the dataset and the
model configuration.

As an initial proof-of-concept, a preliminary dataset of 363 MRI images (174 T1-weighted
and 189 T2-weighted) was assembled to establish a first contact with the classification task.
This dataset was split in a stratified manner: 70% for training, 10% for validation, and 20%
for testing, preserving class proportions. Each 3D image acquisition was pre-processed
to extract representative axial slices from the central region of each volume, capturing
the most relevant anatomical information while avoiding peripheral slices with potential
artifacts. Intensities were rescaled to [0-1], and data augmentation—including rotation,
translation, noise addition, brightness adjustment, and blurring—was applied.
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To increase diversity and representativeness, in our second approach, the dataset was
expanded and filtered using strict inclusion criteria. Only volumes acquired in the axial
plane with at least 30 slices were retained. Multivolume scans containing multiple acquisi-
tions within a single file were excluded. Initial manual inspection using 3D Slicer verified
slice count, orientation, and single-series compliance. Subsequently, a custom script auto-
mated the analysis of metadata to confirm axial orientation and detect multivolume cases.
After filtering, the final dataset comprised 2286 MRI volumes, with 1588 T1-weighted and
698 T2-weighted images. The dataset was stratified into 1600 training images, 229 valida-
tion images, and 457 test images, maintaining balanced representation of both classes. Each
volume continued to use 10 central slices for model input. Table 1 shows the distribution of
the dataset in each approach.

Table 1. Distribution of the dataset used in the classification task, showing the number of T1 and T2
volumes in each training stage.

Dataset T1 MRI T2 MRI Total
Proof of concept 174 189 363
Amplied filter 1588 698 2286

There were no major modifications to the dataset in the third approach. The dataset
for the third training remained the same (2286 volumes, same splits), as the focus was on
further optimizing model performance by fine-tuning the network rather than expanding
or improving the dataset.

Given the objective of developing a modular and progressive segmentation pipeline,
a specialized dataset was prepared, consisting of MRI images—T1-weighted images,
T2-weighted images, and a combined MR dataset including both sequences—and cor-
responding anatomical blocks of clinical relevance serving as ground truth. This approach
enables the training of specialized networks on specific subsets of anatomical regions,
facilitating the creation of a progressive and optimized segmentation workflow. The se-
lection of structures was guided by both clinical importance and the necessity of accurate
delineation in procedures such as tumor resection or liver transplantation planning, where
precise identification of key anatomical structures is critical. Table 2 summarizes the se-
lected anatomical structures, grouped by clinical and anatomical relevance. The images
and annotations were provided and carefully reviewed by medical imaging technicians
and radiologists to ensure accuracy. This organization facilitated training of specialized
networks and allowed comparison between networks trained on single sequences (T1w,
T2w) versus the combined dataset. A specialist network was created for each MRI sequence
and anatomical group, resulting in a total of 9 segmentation networks, given the three
anatomical groups and three types of MRI sequences.

The development of the segmentation networks followed a unified methodology
aimed at identifying and prioritizing anatomically and clinically relevant structures. A
general workflow was established for dataset preparation, label definition, and model
configuration, which was subsequently applied across all trained networks.

During data preparation, custom scripts were implemented to traverse the complete
segmentation masks and retain only the regions corresponding to the target anatomical
structures (e.g., vascular systems, abdominal organs, or other specific components depend-
ing on the network), discarding all irrelevant tissues. This preprocessing step produced
focused datasets in which each image was exclusively paired with masks of the structures
of interest, minimizing interference from surrounding anatomy:.
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Table 2. Selected anatomical structures for modular segmentation, grouped by clinical and anatomi-
cal relevance.

Category Anatomical Structures

Portal vein and branches; hepatic artery and bifurcations;

Vascular .
hepatic veins; inferior vena cava

Digestive: colon (ascending, transverse, descending, sigmoid);
stomach; duodenum; small bowel loops

Abdominal Parenchymal: liver; pancreas (head, body, tail); kidneys (cortex,
medulla); spleen; gallbladder; common bile duct; adrenal glands;
tumor (pathological)

spine; pelvis; femurs; psoas muscles; oblique muscles;

1 letal .. . 41
Musculoskeleta rectus abdominis; obturator internus; pyramidalis

It was also observed that requiring all target labels to be present simultaneously dras-
tically reduced the number of usable samples. To overcome this limitation, an additional
script was implemented to relax this constraint, allowing the inclusion of cases containing
at least one of the target structures. This adjustment significantly increased dataset size
and variability, improving model robustness and generalization.

The segmentation networks were implemented using the nnU-Net framework, lever-
aging its ability to adapt automatically to dataset properties such as patch size, voxel
spacing, and number of classes. The architecture followed a 3D U-Net structure with
encoder—decoder pathways, residual connections, and softmax-based multi-class output
layers. Each network was trained to segment up to three classes (portal, venous, arterial
vasculatures), with the output channel dimension adapted accordingly. Skip connections
between the encoder and decoder ensured the preservation of fine-grained spatial details,
which is critical for vascular structures due to their thin and branching morphology.

3.2. Ethical Approval, Data Anonymization, and Acquisition Characteristics

All data were fully anonymized prior to analysis in accordance with the General Data
Protection Regulation (GDPR), and no personally identifiable information was accessible
to the researchers. All imaging data used in this study were retrospectively collected from
Cella Medical Solutions” internal PACS system, which aggregates clinical MRI studies
from more than 600 healthcare centers across different countries of America and Europe.
This multicenter and multinational composition increases dataset heterogeneity and bet-
ter reflects real-world clinical variability. The study population mainly consisted of adult
patients, with an estimated sex distribution of approximately 70% male and 30% female sub-
jects, which is consistent with the demographic profile commonly observed in abdominal
oncological imaging cohorts.

MRI examinations were acquired as part of routine clinical practice using scanners
from multiple vendors; approximately 45% of the MRI studies were acquired using Siemens
systems, 30% using GE scanners, and 15% using Philips scanners, while the remaining
10% corresponded to other vendors. Acquisition parameters and imaging protocols varied
depending on clinical indication, anatomical region, scanner configuration, and institu-
tional imaging practices. This variability reflects standard clinical conditions rather than
controlled research acquisitions. The majority of MRI studies corresponded to oncologi-
cal examinations of the abdominopelvic region. The most prevalent clinical indications
included abdominal and abdominopelvic cancers, predominantly hepatobiliary, pancre-
atic, colorectal, and retroperitoneal malignancies. A smaller proportion of cases included
non-oncological indications such as inflammatory processes, benign lesions, or postoper-
ative and treatment follow-up studies. The dataset included adult patients with an age
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range between approximately 18 and 70 years. Regarding geographic origin, the cohort
was composed of imaging studies acquired in healthcare centers from both Europe and
the American continent, with an estimated distribution of approximately 60% European
centers and 40% centers from North and South America. Only aggregated demographic
information was available for analysis, and no direct patient identifiers were accessible at
any stage of the study.

Given the retrospective nature of the study and the use of anonymized and aggre-
gated imaging data, the requirement for formal institutional review board approval and
individual patient consent was waived in accordance with applicable institutional policies
and national regulations.

3.3. Model Architecture

For sequence classification, a ResNet18 convolutional neural network was employed
due to its balance between depth and computational efficiency. ResNet18 was chosen over
deeper variants due to its balance between representational capacity and computational
efficiency, particularly important given our dataset size and clinical deployment constraints.
Its flexible design facilitated integration with data loading, preprocessing, and augmenta-
tion pipelines. The network was adapted to handle volumetric data: the first convolutional
layer was modified to accept 10-channel inputs, corresponding to the 10 central slices of
each volume, and the final fully connected layer was adjusted to have two output neurons
for binary classification (T1 vs. T2).

Prior to designing the segmentation networks, an exploratory analysis of the dataset
was performed to assess the availability of anatomical structures across the three imaging
categories (T1, T2, and MR). A modular segmentation strategy was adopted, with networks
specialized in subsets of anatomical structures. A dedicated analysis script was imple-
mented to traverse the dataset, identify the presence of annotated structures in each case,
and generate distribution plots for each imaging category. Structures of higher clinical rele-
vance were prioritized during the initial stages of network training. In particular, vascular
structures were segmented first using a specialized vascular network, given their critical
role in surgical planning and their impact on subsequent organ delineation. Once the
vasculature was accurately defined, the segmentation of abdominal organs was performed,
followed by musculoskeletal components such as bones and muscles. This hierarchical
strategy ensured that anatomically and functionally interdependent regions were processed
in a clinically meaningful order, improving overall segmentation consistency and precision.

Modularity was a deliberate design principle, allowing each network to specialize in a
subset of structures and enabling the output of one network to guide or constrain the next.
This sequential refinement enhanced segmentation accuracy in neighboring regions while
reducing computational load. Each network operated on 3D patches extracted from T1,
T2, or combined MR datasets and generated corresponding 3D segmentation masks. The
modular workflow facilitated convergence, optimized resource usage, and supported a
progressive, anatomically coherent reconstruction of the human body.

3.4. Training Procedure

In our initial approach, a ResNet18 model was trained on our initial dataset of 363 MRI
images (174 T1-weighted and 189 T2-weighted). This dataset was split in a stratified
manner to preserve class proportions of the 363-image dataset with a batch size of 1, for
70 epochs, and a learning rate of 0.001 using a Stochastic Gradient Descent (SDG) optimizer.
Preprocessing and data augmentation were applied to each image as described above, to
enhance model robustness and generalization.
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Once our dataset was expanded, we conducted a second training using the filtered
dataset of 2286 volumes, and then the model was retrained with updated hyperparameters:
batch size 16,100 epochs, and learning rate 0.001 and using, again, an SDG optimizer.
Stratified splitting ensured balanced representation of T1 and T2 images. This allowed the
model to generalize better and capture more robust patterns across a larger dataset.

In the next approach and in order to further stabilize performance, a third training was
conducted on the same 2286-volume dataset, keeping the same ResNet18 architecture, batch
size, and learning rate, but increasing the number of epochs to 200. The input continued
to consist of 10 central slices, and the train/validation/test splits remained unchanged.
This stage aimed to refine the model, ensuring convergence and optimal accuracy for
T1/T2 classification.

For segmentation, networks nnU-Net were trained using stratified splits of the dataset
for training, validation, and testing, ensuring balanced representation of all structures in
each subset. The SDG optimizer was employed with a learning rate of 0.001. Batch sizes
were adjusted according to the patch size and GPU memory availability.

The training strategy was designed to exploit the modular structure of the segmen-
tation pipeline. Each specialized network was trained independently on a reduced set of
anatomical structures, using the nnU-Net’s standardized configuration of patch-based 3D
convolutions, encoder—decoder architecture, and softmax output layers. The sequential en-
semble approach of networks enabled refinement of the segmentation process: predictions
from earlier networks were incorporated as priors for later stages, allowing subsequent
models to adjust their focus depending on the confidence of previous outputs. This design
not only reduced computational requirements but also improved anatomical consistency
across segmentations.

To investigate the impact of modality-specific learning versus a pooled approach,
nine separate networks were trained: (i) a T1-specific network for anatomical structures,
(ii) a T2-specific network for anatomical structures, and (iii) a general MR network com-
bining T1 and T2 images without prior stratification for anatomical structures. For each
of these three main networks, an additional set of three specialized models was trained
to segment different anatomical groups, resulting in a total of nine trained models. This
experimental setup enabled the evaluation of whether modality specialization improved
segmentation performance compared to a pooled training strategy.

Each network was initially trained for 1000 epochs with a constant learning rate
of 0.01. Table 3 summarizes the segmentation network architecture. A second series of
experiments extended the training to 1500 epochs, with an increased initial learning rate
of 0.03, proportional to the number of labels present in the dataset. Despite the extended
training time and adjusted learning rate, performance differences were minimal. For
example, in the MR network, the Dice similarity coefficient (DSC) on the test set was 0.7774
after 1000 epochs and 0.7719 after 1500 epochs, indicating no significant improvement with
prolonged training.

Table 3. nnU-Net-based segmentation network architecture (3D).

Component Details Activation/Notes

Input 3D patch from MRI volume -

Encoder M}11t1ple 3D convolutions per level, downsam- ReLU, BatchNorm
pling at each stage

Decoder M.ulhple 3D convolutions per level, upsam- ReLU, BatchNorm
pling at each stage

Skip Connections  Between encoder and decoder levels Concatenation

Output Layer Number of channels = number of structures  Softmax
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During training, data augmentation was applied, including random rotation, scal-
ing, elastic deformation, Gaussian noise, and intensity adjustments, to increase model
robustness and compensate for limited data. For sequential networks, masks predicted by
previous networks were incorporated as additional inputs, allowing subsequent networks
to focus on refining predictions in relevant regions. Model performance was evaluated us-
ing standard metrics such as Dice coefficient, Intersection over Union (IoU), and Hausdorff
distance. Hyperparameters and augmentation strategies were iteratively adjusted based
on validation performance to ensure stable convergence and reliable generalization.

3.5. Implementation Details

The development of the MRI sequence classification and segmentation pipeline lever-
aged a variety of specialized libraries, frameworks, and tools to ensure efficient pro-
cessing, model training, and evaluation. The core implementation was carried out in
Python (v3.9), taking advantage of its extensive ecosystem for scientific computing and
deep learning.

For deep learning model development, the PyTorch (v1.13) framework was employed
due to its flexibility in designing custom neural network architectures, dynamic computa-
tion graphs, and robust support for GPU acceleration.

Medical image processing and manipulation were facilitated by tools like SimpleITK
(v2.2.1) and Nibabel (v5.1.0), enabling loading, resampling, intensity normalization, and
conversion between different medical imaging formats. Data augmentation was imple-
mented using TorchIO (v0.19.1). and custom scripts to apply rotations, translations, elastic
deformations, Gaussian noise, and intensity adjustments, ensuring robust model training.

For visualization and quality control, Matplotlib (v3.7.1), Seaborn (v0.12.2), and 3D
Slicer (v4.11) were employed to inspect MRI volumes, overlay segmentation masks, and
verify preprocessing steps. Finally, data handling, dataset organization, and experiment
tracking were managed using Pandas (v2.0.3) and NumPy (v1.24.4), allowing structured
storage of image paths, labels, and metadata for reproducible experimentation.

4. Results
4.1. T1 and T2 MRI Classification

The first training stage involved the ResNet18 model trained on the initial dataset
of 363 MRI volumes. After completing training, the model was evaluated on the test
set, yielding the confusion matrix on the left of Figure 2 and the performance metrics
summarized in Table 4. The model achieved a global accuracy of 0.90 with a support of
41 T1-weighted images and 50 T2-weighted images on the test set. T1-weighted images had
a precision of 0.94, with a recall of 0.83 and an F1-score of 0.88, while T2-weighted images
had a precision of 0.87, with a recall of 0.96 and an F1-score of 0.91 The confusion matrix
indicates that the model correctly classified 34 out of 41 T1-weighted images and 48 out of
50 T2-weighted images, with a total of 9 misclassifications, including 7 T1-weighted images
misclassified as T2-weighted and 2 T2-weighted images misclassified as T1-weighted.

Analysis of these metrics reveals that, while the model achieved high performance
for T2-weighted images, its performance on T1-weighted images was notably lower, with
a recall of 0.83 and an F1-score of 0.88. This imbalance indicates that the model did not
robustly capture the distinguishing features between the two classes. This limitation may
be partly attributed to the relatively small size of the training dataset and the potential
heterogeneity of the images. Additionally, the model’s performance on T2-weighted images
was generally higher, with a precision of 0.87, a recall of 0.96, and an F1-score of 0.91.
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Figure 2. Confusion matrix for the first training stage (T1 vs. T2) on test set (left), second training stage
(T1vs. T2) on test set (middle), and third training stage (T1 vs. T2) on test set (right). Confusion matrix
(left) shows good classification performance, with only 9 (9.89%) misclassified images. Confusion
matrix (middle) shows improved classification performance, with only 19 (4.16%) misclassified
images. Finally, confusion matrix (right) shows further improved classification performance, with
only 16 (3.5%) misclassified images. The model is therefore considered the final version for the task
of automatic classification of T1- and T2-weighted MRI images on the dataset used.

Table 4. Comparison of classification reports across the three training stages on the test set (T1 vs.
T2). Metrics show a consistent improvement through training stages.

Precision Recall F1-Score Support
T1 0.94 0.83 0.88 41
T2 0.87 0.96 091 50
First Stage Accuracy 0.90 91
Macro avg 0.91 0.89 0.90 91
Weighted avg 0.91 0.90 0.90 91
T1 0.97 0.97 0.97 318
T2 0.92 0.94 0.93 139
Second Stage A ccuracy 0.96 457
Macro avg 0.95 0.95 0.95 457
Weighted avg 0.96 0.96 0.96 457
T1 0.97 0.98 0.98 318
T2 0.96 0.93 0.94 139
Third Stage A ccuracy 0.96 457
Macro avg 0.96 0.95 0.96 457
Weighted avg 0.97 0.96 0.96 457

Based on these preliminary results, a promising strategy to enhance model perfor-
mance is to substantially expand the dataset by incorporating a larger number of images
from both classes. Increasing the size and diversity of the dataset enables the model to learn
more generalizable and robust features, thereby improving its ability to generalize and
achieving better classification accuracy on unseen data. These insights informed the design
of the subsequent training stages, which emphasized dataset expansion (as explained above
in Section 3.1) along with the refinement of preprocessing and augmentation techniques.

The second training stage employed the expanded and filtered dataset of 2286 MRI
volumes. After completing training, the model was evaluated on the test set, which yielded
the results presented in the confusion matrix in the middle of Figure 2 and Table 4. The
model achieved a global accuracy of 0.96 with a support of 318 T1-weighted images and
139 T2-weighted images on the test set. T1-weighted images had a precision, recall and
F1-score of 0.97, while T2-weighted images had a precision of 0.92, with a recall of 0.94
and an F1-score of 0.93. The confusion matrix indicates that the model correctly classified
309 out of 318 T1-weighted images and 131 out of 139 T2-weighted images, with a total of
19 misclassifications, including 11 T1-weighted images misclassified as T2-weighted and
8 T2-weighted images misclassified as T1-weighted. Therefore, the model demonstrated
significant improvement compared to the first training stage, likely due to the increased
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dataset size and diversity. This is due to the model effectively learning to distinguish
between the two sequences, mainly because of the increased number of T1-weighted
images in the dataset.

A manual review of misclassified images revealed that many errors were associated
with atypical characteristics, including low-contrast regions, image artifacts, or noise, as
shown in Figure 3. These characteristics were primarily observed in a limited subset of
clinical cases, typically corresponding to challenging acquisition conditions rather than
standard MRI studies. In particular, artifacts and noise were more frequently encountered
in scans affected by patient motion, reduced acquisition time, suboptimal signal-to-noise
ratio, or imaging performed in complex clinical contexts. Overall, these atypical acquisition
conditions were estimated to affect approximately 5% of the analyzed MRI studies. This
post-training analysis suggests potential improvements in preprocessing strategies or the
incorporation of additional data augmentation techniques to increase model robustness
against complex and non-ideal acquisition scenarios. While such atypical characteristics
are not dominant in routine clinical MRI, they represent realistic edge cases that can nega-
tively impact automated classification performance. In particular, images with significant
noise or low contrast were more prone to misclassification, indicating that enhancing im-
age quality or incorporating noise-robust features during training could further improve

classification accuracy.

Figure 3. Example of a misclassified T1/T2 MRI image affected by noise or low contrast. (Left):
Noisy image. (Right): Clear image (it is not the same image as the left one).

Overall, the second training stage demonstrates a substantial improvement over the
first, with higher precision, recall, and F1-scores for both classes, indicating that dataset
expansion and careful filtering significantly enhanced the model’s generalization capabil-
ities. Therefore, a further expansion of the dataset and an increased number of training
epochs allowed the model to learn complex patterns from the expanded dataset, resulting
in improved performance on the test set.

The third training stage utilized the same expanded dataset of 2286 MRI volumes,
with the primary modification being an increase in the number of training epochs from
100 to 200. This adjustment aimed to further refine the model’s learning and improve its
classification performance. After completing training, the model was evaluated on the
test set where its confusion matrix is shown on the right of Figure 2, and the detailed
performance metrics are summarized in Table 4. The confusion matrix indicates that the
model correctly classified 441 out of 457 MRI volumes, with a total of 16 misclassifications,
including 6 T1-weighted images misclassified as T2-weighted and 10 T2-weighted images
misclassified as T1-weighted. The classification metrics achieved on the test set resulted in
an overall accuracy of 0.97, which means that the model performed well in both classes.
In addition, a macro-averaged precision of 0.96, a macro-averaged recall of 0.95, and a
macro average Fl-score of 0.96 were obtained, confirming a balanced performance between
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the two classes and demonstrating that increasing the number of epochs contributed to
improved accuracy. This enhancement is significant, as it indicates that the model has
learned to distinguish between T1 and T2 images with greater accuracy. A weighted
average precision of 0.97, weighted average recall of 0.96, and weighted average F1-score
of 0.96 were obtained. This means that the model performed well in both classes because it
takes into account the number of instances for each class, giving more importance to classes
with more samples. This extension is justifiable in a clinical context, where maximizing the
use of available information is crucial, leading to better adaptation to dataset characteristics
and greater stability of the metrics. This model is therefore considered the final version for
the task of automatic classification of T1- and T2-weighted MRI images on the dataset used.
Overall, these results demonstrate a significant improvement over the first trained
model, achieving high levels of accuracy and stability. Both the T1 and T2 classes exhibit
strong precision and recall values, confirming the model’s ability to correctly discriminate
between the two MRI sequences, even when confronted with previously unseen images.

4.2. Segmentation of Anatomical Structures in T1 and T2 MRI

This stage employed a modular approach, training separate segmentation networks
for vascular structures, abdominal organs and musculoskeletal structures, leveraging the
distinct contrast characteristics of each MRI sequence (T1-weighted, T2-weighted and a
combination of both sequences). Our idea is to use the sequence classification model devel-
oped in the previous stage to route each MRI volume to the most appropriate segmentation
network, thereby optimizing segmentation performance based on the specific imaging
characteristics. We hypothesize that this modular design will enhance segmentation ac-
curacy by tailoring the model to the unique features of each MRI sequence. For it, three
different input datasets were used for training: a combined dataset of T1- and T2-weighted
images (MR), a T1-specific dataset, and a T2-specific dataset. Each segmentation network
was trained independently for each anatomical block, allowing for a detailed analysis of
performance across different structures and sequences. All networks were based on the 3D
U-Net architecture [5] and were trained using the Dice loss function, which is particularly
well-suited for medical image segmentation tasks due to its effectiveness in handling class
imbalance. We compared the performance of networks trained on the combined dataset
(MR) against those trained specifically on T1-weighted and T2-weighted images to assess
the benefits of sequence-specific training. A disadvantage of this modular approach is the
increased computational cost and complexity associated with training and maintaining
multiple models. However, we believe that the potential improvements in segmentation
accuracy justify this trade-off, especially in clinical applications where precision is crucial.
Another disadvantage is that the specialized networks were trained on a dataset with
fewer samples compared to the combined dataset, which could limit the model’s ability to
generalize effectively.

The first segmentation block focused on vascular structures, including the portal vein,
venous system, and arterial system. This block was chosen as the initial focus due to the
critical clinical importance of accurately segmenting vascular anatomy in abdominal MRI,
which is essential for various diagnostic and therapeutic applications. The performance of
the vascular segmentation networks was evaluated using the Dice coefficient for each struc-
ture across different input datasets. The Dice scores obtained for the vascular segmentation
networks are summarized in Table 5. The T1-specific network achieved the highest overall
performance, particularly for arterial and venous structures, while the T2-specific network
showed strong performance for the venous system. The combined MR network provided
moderate results across all structures. These findings indicate that sequence-specific net-
works enhance segmentation accuracy and support the design of a modular, multi-stage
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segmentation pipeline. The networks trained on the combined MRI dataset (MR) achieved
moderate performance, with Dice scores of 0.4651, 0.7700, and 0.7023 for the portal, venous,
and arterial systems, respectively. The T1-specific network showed improved segmentation
for arterial structures (Dice = 0.8052) and venous structures (Dice = 0.7865), while the T2-
specific network performed comparably for the venous system (Dice = 0.7904) but showed
lower scores for portal and arterial vessels. Overall, the macro-average Dice (background
excluded) highlights that T1-weighted images provided the most consistent performance
across all vascular structures, suggesting that contrast characteristics in T1 images facilitate
better discrimination of vessel boundaries in abdominal MRI. These results demonstrate
the utility of specialized networks for each sequence type and inform subsequent stages
of the modular segmentation pipeline. Figure 4 illustrates representative segmentation
outputs and ground truth build for specialists. A simple visual inspection confirms the
quantitative results, showing that the T1-specific network produces detailed segmentations
of vascular structures compared to the ground truth provided by the medical specialists.

Table 5. Dice scores for vascular segmentation networks across different input datasets, including
Macro Dice. Macro Dice is the average of Dice scores across all abdominal organs (background
excluded). MR = combined T1 and T2 datasets. T1 = T1-specific dataset. T2 = T2-specific dataset.

Network Background Portal Venous Arterial Macro Dice
MR 0.6458 0.4651 0.7700 0.7023 0.6458
T1 0.7264 0.5877 0.7865 0.8052 0.7265
T2 0.6449 0.4908 0.7904 0.6535 0.6449

Figure 4. Example of vascular segmentation results on test set. (Left): Ground truth segmentation
provided by specialists. (Right): Model inference output. Only very small differences can be observed
between both segmentations. The segmentation model has difficulties segmenting very small vascular
structures, but more large ones are very well segmented.

The second segmentation block focused on abdominal organs, including both hollow
(e.g., stomach, colon, duodenum, intestinal loops) and solid structures (e.g., liver, pancreas,
kidneys, spleen). This block represents a natural extension of the vascular segmentation,
since most of these organs are anatomically related to the vascular system. The performance
of the abdominal organs segmentation networks was evaluated using the Dice coefficient for
each structure across different input datasets. Unlike the vascular block, a label imbalance
strategy was adopted, allowing training with partially annotated cases. This approach
maximized dataset utilization by incorporating images with incomplete annotations, which
reflects real-world clinical conditions where full segmentations are not always available. As
a result, the model was exposed to a greater diversity of samples, favoring its robustness
in heterogeneous scenarios. The networks were trained consistently across three different
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input datasets (MR, T1-weighted, T2-weighted) in a similar manner to the vascular block,
ensuring methodological comparability with the vascular block. The Dice scores obtained
are summarized in Table 6. Overall, the best performance was observed for large and
well-defined structures such as the liver, spleen, and kidneys, which consistently achieved
Dice coefficients above 0.85 in MR and T1 modalities. Medium performance was observed
for organs such as the pancreas and stomach, while small or morphologically variable
structures (e.g., gallbladder, bile duct, adrenal glands, intestinal loops, and tumors) showed
more modest scores, reflecting the higher difficulty of their segmentation. The macro-
average Dice scores across all abdominal organs (background excluded) are summarized
in Table 7. The MR network achieved the highest macro Dice score of 0.678, indicating
the best overall performance across the diverse set of organs. The T1-specific network
followed with a macro Dice of 0.605, while the T2-specific network had the lowest score of
0.531. These results reinforce the advantage of using a combined dataset for training, as it
allows the model to leverage complementary information from both T1 and T2 sequences,
leading to improved segmentation accuracy across a wide range of anatomical structures.
These results highlight the importance of adopting a modular segmentation approach:
while robust segmentations can be obtained for major abdominal organs, specialized
strategies such as data augmentation, targeted pretraining, or cascaded refinement may
be required to improve performance in smaller or less well-defined anatomical structures.
Figure 5 illustrates representative segmentation outputs for abdominal organs, comparing
the model’s inference with the ground truth annotations. The visual results demonstrate
the model’s ability to accurately delineate major organs such as the liver and kidneys, while
also highlighting areas for improvement in smaller or more complex structures.

Table 6. Dice scores for abdominal organs across different input datasets. MR = combined T1 and T2
datasets. T1 = T1-specific dataset. T2 = T2-specific dataset.

Large abdominal organs

Network Backg. Colon  Stomach Liver Pancreas Kidneys Spleen Duodenum
MR 0.6476 0.6539 0.8424 0.9322 0.7679 0.8805  0.9491 0.6251
T1 0.5812 0.5667 0.8341 0.8796 0.7700 0.8665  0.9174 0.6160
T2 0.6449 0.4908 0.7904 0.6535 0.6449 0.4908  0.7904 0.6535

Smaller abdominal structures

Network Gallbladder Bile duct Adrenals Intestinalloops  Tumor

MR 0.6677 0.4039 0.4836 0.4979 0.0667
T1 0.7831 0.2230 0.2488 0.2675 0.0843
T2 0.6449 0.4908 0.7904 0.6535 0.0762

Table 7. Macro Dice scores across different input datasets. Macro Dice represents the average Dice
score across all abdominal organs, excluding background.

Network Macro Dice
MR 0.678
T1 0.605
T2 0.531

The third segmentation block focused on musculoskeletal structures, including both
osseous (spine, pelvis, femurs) and muscular tissues (psoas, obliques, rectus abdominis,
obturator internus, pyramidal muscles). This block was selected due to the clinical relevance
of accurately segmenting musculoskeletal anatomy in abdominal MRI, which is essential for
various diagnostic and therapeutic applications. The performance of the musculoskeletal
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segmentation networks was evaluated using the Dice coefficient for each structure across
different input datasets. The performance of the musculoskeletal segmentation networks
is summarized in Table 8. For osseous structures, the networks trained on T2-weighted
images achieved the highest Dice coefficients overall, with values of near 0.77 for the
pelvis, 0.80 for the spine, and 0.88 for the femurs. These results highlight the advantage
of the T2 contrast in delineating cortical bone and surrounding connective tissue. By
contrast, MR- and T1-based networks exhibited moderate performance, particularly in the
segmentation of the spine, where Dice scores did not exceed 0.63. For muscular structures,
the results were more heterogeneous. While large muscles such as the psoas achieved
robust Dice scores across modalities (0.76-0.78), smaller or thinner structures, such as
the rectus abdominis and the pyramidal muscles, showed more variable outcomes, with
values ranging between 0.53 and 0.83. This variability reflects the intrinsic difficulty of
segmenting small-volume structures, which are prone to annotation inconsistencies and
partial-volume effects. Overall, these results indicate that musculoskeletal segmentation
benefits substantially from T2-weighted acquisitions, particularly for osseous structures.
For muscular tissues, however, performance appears to be less dependent on modality and
more affected by structural variability and annotation quality. These findings reinforce
the importance of multimodal integration and data augmentation strategies as potential
avenues for improvement in subsequent iterations of the pipeline. The macro-average
Dice coefficients (background excluded) for the musculoskeletal segmentation networks
are summarized in Table 8. The T2-weighted network achieved the highest macro Dice
score of 0.7544, indicating superior overall performance across both bone and muscle
structures. The T1-weighted network followed with a macro Dice of 0.7027, while the
MR network had the lowest score of 0.6611. These results underscore the effectiveness of
T2-weighted imaging for musculoskeletal segmentation tasks, particularly in capturing the
complex anatomy of both osseous and muscular tissues. Figure 6 illustrates representative
segmentation outputs for musculoskeletal structures, comparing the model’s inference
with the ground truth annotations. The visual results demonstrate the model’s ability to
accurately delineate major structures such as the spine and femurs, while also highlighting

areas for improvement in smaller or more complex muscular tissues.

Figure 5. Example of abdominal organ segmentation results on test set. (Left): Ground truth segmen-
tation provided by specialists. (Right): Model inference output. Only very small differences can be
observed between both segmentations. The position of the liver, kidneys, spleen, and duodenum is
well delineated with consistent accuracy between both segmentations.
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Table 8. Dice coefficients for the musculoskeletal block across different input datasets. Macro Dice is
the average of Dice scores across all structures (background excluded). MR = combined T1 and T2
datasets. T1 = T1-specific dataset. T2 = T2-specific dataset.

Osseus-Related Structures Muscle-Related Structures

Network Backg. Spine Pelvis Femurs Psoas Obliques Rectus Obturator  Pyramidal = Macro

Abdominis Internus Muscles Dice
MR 0.6610 0.6120 0.7573 0.7530 0.7783 0.4959 0.5362 0.6872 0.6686 0.6611
T1 0.5902 0.6318 0.7896 0.7917 0.7780 0.5212 0.5483 0.7899 0.7708 0.7027
T2 0.7544 0.8019 0.7685 0.8812 0.7600 0.6131 0.5535 0.8220 0.8346 0.7544

Figure 6. Example of musculoskeletal segmentation results on test set. (Left): Ground truth segmen-
tation provided by specialists. (Right): Model inference output. Some big differences can be observed
between both segmentations. The position of the spine, pelvis, and femurs is well delineated with
consistent accuracy between both segmentations.

4.3. Results of the Integrated Pipeline and Qualitative Validation

After integrating the different classification and segmentation blocks into an auto-
mated pipeline, a qualitative clinical validation was conducted in order to assess the clinical
applicability of the proposed models. Eight independent studies (four T1-weighted and
four T2-weighted MRIs), unseen during training and testing, were evaluated. Each case
was segmented using three distinct approaches: a state-of-the-art segmentation pipeline
based on TotalSegmentator, the General Network (trained jointly on T1 and T2 images),
and the Specific Network (trained separately for each modality). A blinded assessment
was performed by an experienced radiologist, who scored the anatomical fidelity and
clinical interpretability of the segmentations on a scale from 0 to 10. The results indi-
cate that the proposed networks provided higher qualitative scores than the previously
deployed workflow for the evaluated cases. Table 9 provides an overview of the mean
qualitative scores obtained for each patient. The General Network achieved an average
of 7.2, closely followed by the Specific Network with 6.9, while the state-of-the-art To-
talSegmentator framework obtained a mean score of 3.6. This indicates that the integrated
pipeline produces anatomically consistent segmentations with strong clinical usefulness for
the evaluated set of examples. Figure 7 visually summarizes these results, illustrating the
difference in the qualitative assessments between the proposed networks and the earlier
workflow. The analysis of median values per patient, as shown in Table 9 and Figure 8§,
further supports this observation, with the General Network obtaining a global median
of 7.7, very close to the Specific Network (7.8), while TotalSegmentator showed a median
score of 4.1. All experiments were performed using an NVIDIA RTX 3060 GPU (NVIDIA
Corporation, Santa Clara, CA, USA).
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These results reinforce the robustness of the proposed pipeline, particularly high-
lighting the ability of the General Network to achieve stable performance across both
T1- and T2-weighted images without the need for modality-specific training. Overall,
this qualitative validation demonstrates that the proposed system provides high-quality
segmentations suitable for supporting personalized surgical planning. In summary, the
quantitative analysis of the segmentation performance, as measured by Dice coefficients,
further corroborates the advantages of the Specific Network, which consistently outper-
formed the General Network across various organs. The results reveal the possibility of
using classification and segmentation models in an integrated pipeline as an ensemble to
improve the accuracy and efficiency of segmentation in MRI. The qualitative validation of
the integrated pipeline demonstrates its clear superiority over existing commercial solu-
tions. The General Network, in particular, stands out for its ability to deliver high-quality
segmentations across different MRI modalities, making it a versatile and effective tool for
clinical applications. These promising results pave the way for further development and
eventual clinical integration of the proposed system.

The qualitative evaluation was conducted by a single experienced radiologist. While
this provided expert clinical insight into the anatomical fidelity and usability of the seg-
mentations, inter-rater variability was not assessed in this study. As a result, the qualitative
scores should be interpreted as an initial expert validation rather than a statistically robust
inter-observer analysis.

Table 9. The left half of the table shows the mean qualitative scores (0-10) obtained for each patient
and network, while the right half displays the corresponding median values.

Patient Numb SOTA General Specific SOTA General Specific
auent Number System Network Network System Network Network
#1 2.1 8.0 6.7 4.0 8.0 7.0
#2 6.4 7.3 6.0 8.0 8.0 8.0
#3 1.3 6.2 54 1.0 7.0 7.0
#4 3.7 7.7 7.5 45 8.0 8.0
#5 44 8.4 8.2 55 8.5 8.0
#6 3.5 7.4 7.6 5.0 8.0 8.0
#7 3.2 6.1 7.1 3.5 7.0 7.5
#8 2.2 6.7 6.7 1.0 7.0 8.0
Mean 3.6 7.2 6.9 Median 4.1 7.7 7.8
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Figure 7. Comparison of mean qualitative scores obtained by the state-of-the-art (SOTA) system, the
General Network, and the Specific Network. The proposed networks significantly outperform the
commercial solution, demonstrating their superior anatomical fidelity and clinical usefulness.

https://doi.org/10.3390/s26010323
170



Sensors 2026, 26, 323

Comparison of Networks

\
9+ N |
87 |
77 —

B 5 :

\

T 5+ o |

g

S 4 o =

A
B o ——— =
24 o) o) -
1+ o .

!

| |
General Network Specific Network SOTA System

Figure 8. Comparison of median qualitative scores obtained by the SOTA system, the General
Network, and the Specific Network using box-and-whisker plots. The red line indicates the median
value for each network. The proposed Specific Network significantly outperforms the commercial
and General Network solutions, demonstrating superior anatomical fidelity and clinical usefulness.

5. Discussion

The qualitative evaluation of the integrated segmentation pipeline revealed notable
improvements when compared to a state-of-the-art segmentation framework, TotalSeg-
mentator. The General Network, trained on a combined dataset of T1- and T2-weighted
MRISs, achieved a mean score of 7.2, demonstrating its capability to generalize effectively
across different imaging modalities. This versatility is particularly advantageous in clinical
settings where both types of sequences are commonly used.

Despite being trained with less than half the number of cases used for the General
Network, the Specific Network achieved higher qualitative scores, with a median of 7.8.
This result showed higher median scores than the General Network and also outperformed
the state-of-the-art TotalSegmentator framework. This trend was observed across both T1
and T2 images, highlighting the robustness of the specialized models.

The discrepancy between the mean (6.9) and the median (7.8) for the Specific Net-
work indicates that, although a few cases received lower evaluations, the majority of the
segmentations were of high and homogeneous quality. This reinforces the added value
of training specialized models tailored to each MRI sequence, which appear to capture
sequence-specific morphological and contrast characteristics more effectively. Conversely,
the state-of-the-art TotalSegmentator framework yielded lower mean and median scores in
the evaluated examples, reflecting reduced anatomical fidelity for these specific cases.

Beyond the qualitative assessment, a complementary volumetric analysis was con-
ducted to compare the segmented organ volumes across the different networks, as summa-
rized in Table 10. Results revealed that the Specific Network generally produced slightly
larger segmentations compared to the General Network. In practical terms, the special-
ized model tended to generate more complete anatomical masks, potentially reflecting
an increased sensitivity for detecting and delineating structures; however, this behavior
may also indicate a propensity toward over-segmentation in some cases. Consequently,
volumetric metrics should be interpreted alongside qualitative clinical evaluations, which
ultimately guide model usability in real-world surgical planning scenarios.

To facilitate the clinical integration of the proposed pipeline, the segmented models
were incorporated into Cella’s 3D Planner, a web-based visualization platform used in
clinical practice. This tool enables interactive inspection of the reconstructed anatomy
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directly in modern web browsers. Clinicians can rotate, zoom, and selectively display or
hide structures, enhancing anatomical understanding and procedure preparation.

Table 10. Extract from the complete table showing the segmented volume for each network. It can be
observed that the Specific Network tends to predict larger volumes.

Patient General Net. Specific Net.

Number Organ Dice Seg. Vol. (mL) Seg. Vol. (mL) Difference (mL) Best
#1 Spleen 0.9785 217.93 211.24 6.69 General
#2 Bile Duct 0.3636 0.10 0.36 —0.26 Specific
#3 Spine 0.5929 106.51 98.10 8.41 General
#5 Duodenum 0.8287 69.32 92.02 —22.70 Specific
#1 Stomach 0.9049 98.37 109.75 —11.38 Specific
#2 Adrenal Glands 0.1107 1.35 0.96 0.39 General
#5 Liver 0.9876 2362.44 2390.30 —27.86 Specific
#4 Obliques 0.6247 35.19 47.49 —12.30 Specific
#6 Pancreas 0.9504 89.15 84.71 4.44 General
#8 Venous Vasculature  0.9321 56.57 58.22 —1.65 Specific

Table 10 presents an extract of the volumetric results, illustrating these differences
across representative anatomical structures. Figure 9 compares the Dice scores obtained by
the General and Specific Networks for various organs. The Specific Network showed higher
Dice scores across most structures, particularly in challenging anatomies such as the bile
duct and duodenum. This performance difference underscores the advantage of training
specialized models for each MRI sequence, which can better capture the unique anatom-
ical and contrast characteristics present in T1- and T2-weighted images. The enhanced
segmentation accuracy achieved by the Specific Network translates into more consistent
anatomical representations for the evaluated structures. Our work highlights the grow-
ing synergy between imaging technologies and artificial intelligence. We leverage deep
learning architectures such as ResNet for classification and nnU-Net for segmentation to
automate the analysis of sequence-related information. This Al-driven approach improves
the efficiency of image interpretation and exemplifies the potential of intelligent processing
systems in medical imaging, enabling more informed clinical decisions and personalized
patient care for the evaluated cases.
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Figure 9. Comparison of Dice scores between the General and Specific Networks for various organs.
The Specific Network consistently outperforms the General Network, particularly in challenging
structures such as the bile duct and duodenum.
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6. Limitations and Future Work

Despite the promising results obtained in this study, several limitations must be
acknowledged. First, the qualitative clinical evaluation was conducted on a limited subset
of eight cases and assessed by a single experienced radiologist. While this provided valuable
expert insight into anatomical fidelity and clinical plausibility, inter-rater reliability was
not assessed. Consequently, the qualitative scores should be interpreted as an initial expert
validation rather than a statistically rigorous multi-observer study. Future work will include
multiple independent radiologists from different institutions to enable formal inter-rater
agreement analysis using established statistical metrics.

Second, the comparison with the TotalSegmentator framework was not designed as
a fully controlled benchmark. Differences in training objectives, label definitions, and
optimization strategies limit the fairness of direct performance comparisons. Therefore, the
reported results should be interpreted as a practical reference against an existing automated
pipeline rather than as definitive evidence of methodological superiority.

Third, although specific efforts were made to curate and balance the available datasets
across MRI sequences, segmentation performance may still be influenced by residual het-
erogeneity in label availability across anatomical structures. While data selection and
preprocessing strategies were applied to maximize consistency and data usage, an exhaus-
tive per-structure label distribution analysis was not the primary focus of this study. As a
result, subtle performance differences observed between MR, T1, and T2 networks should
be interpreted with caution. Future studies will incorporate more detailed reporting of label
distributions and structure-specific sample sizes to further strengthen result interpretability.

In addition, the current classification pipeline lacks ablation studies and explainability
analyses. Techniques such as Grad-CAM will be explored to improve transparency and to
assess whether the model relies on meaningful anatomical contrast patterns or on spurious
imaging artifacts.

Finally, the integration of segmented anatomical models into 3D visualization plat-
forms is supported by existing literature as a valuable tool for surgical planning, anatomical
understanding, and precision surgery. Previous studies have demonstrated the clinical
relevance of patient-specific 3D reconstructions across multiple surgical domains, including
pancreatic, urological, oncological, and pediatric surgery [26-28]. While the present work
focuses on the development and validation of an automated Al-based pipeline, future
studies may further build upon this established evidence by incorporating task-specific
clinical metrics and prospective validation scenarios.

7. Conclusions

This study presents a comprehensive deep learning-based pipeline for the classification
and segmentation of abdominal MRI scans, specifically targeting T1- and T2-weighted
sequences. The proposed system demonstrates consistent qualitative and quantitative
performance across the evaluated cases, particularly in terms of anatomical fidelity and
segmentation quality.

The main objective of this work—the development of an artificial intelligence-based
tool capable of automatically classifying magnetic resonance (MR) images into T1 and T2
sequences and segmenting relevant anatomical structures for oncology-oriented surgical
planning research—has been successfully achieved.

The main contributions include the construction of a curated clinical MRI dataset, the
integration of automatic sequence classification using a ResNet18-based model achieving
over 90% accuracy, and the implementation of sequence-specific segmentation networks
based on the nnU-Net v2 architecture.

https://doi.org/10.3390/s26010323
173



Sensors 2026, 26, 323

The modular design of the proposed pipeline enables flexible extension, supports
block-wise evaluation of anatomical structures, and facilitates scalable research-oriented
MRI analysis workflows.

Overall, this work establishes a technically robust and extensible framework for
sequence-aware MRI classification and segmentation, providing a solid foundation for
further research in Al-assisted medical image analysis.
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Abstract

This narrative critical review addresses class imbalance in medical imaging, particularly
within the context of multi-sensor and multi-modal environments, poses a critical chal-
lenge to developing reliable Al diagnostic systems. The integration of heterogeneous
data from sources like CT, MRI, and PET presents a unique opportunity to address data
scarcity for rare conditions through fusion techniques. This review provides a structured
analysis of strategies to tackle class imbalance, categorizing them into data-centric (e.g.,
advanced resampling like SMOTE-ENC for mixed data types, GAN-based synthesis) and
model-centric (e.g., loss function engineering, transfer learning, and ensemble methods)
approaches. Crucially, we highlight how multi-sensor feature fusion and decision-level
fusion paradigms can inherently enrich representations for minority classes, offering a
powerful frontier beyond single-modality learning. We evaluate each method’s merits,
clinical viability, and compliance considerations (e.g., FDA). Finally, we identify emerging
trends where imbalance-aware learning synergizes with multi-sensor fusion frameworks,
federated learning, and explainable Al, charting a roadmap toward robust, equitable, and
clinically deployable diagnostic tools. Our quantitative synthesis shows that data-centric
strategies can improve minority class recall by 12-35% in datasets with imbalance ratios
(majority:minority) >10:1, while model-centric strategies achieve an average AUC im-
provement of 0.08-0.21 in multi-sensor medical imaging tasks with sample sizes ranging
from 50 to 50,000.

Keywords: multi-sensor fusion; class imbalance; medical image classification; multi-modal
imaging; data augmentation; ensemble learning; clinical Al deployment

1. Introduction

In medical image classification, dataset class imbalance is a pervasive issue [1]. Many
diseases have low prevalence, resulting in far fewer diseased samples than healthy ones.
Data imbalance can affect the performance of machine learning models, making the models
tend to predict majority class samples while ignoring minority class samples [2]. This prob-
lem may lead to serious consequences in practical applications. For example, in tasks such
as tumor detection and rare disease diagnosis, the risk of missing minority class samples is
extremely high [3]. Thus, imbalanced classification in medical imaging is formally defined
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as a supervised learning task where there exists a statistically significant disparity in the
sample size distribution across predefined diagnostic categories in medical image datasets,
with two core quantitative and clinical attributes: (1) Quantitative threshold: The sample
size of the minority class (e.g., rare disease lesions, early-stage pathological features) is
less than 30% of the majority class (e.g., healthy tissue, common disease manifestations),
or the imbalance ratio (majority /minority sample size) exceeds 3:1; (2) Clinical attribute:
Misclassification of the minority class will lead to direct clinical risks, such as missed
diagnosis, delayed treatment, or adverse patient outcomes. This definition is specific to
medical imaging scenarios, distinguishing it from general imbalanced classification tasks
by prioritizing clinical risk alongside statistical distribution characteristics.

Therefore, how to effectively handle data imbalance in medical image classification
tasks has become an important research direction. The number of papers on “imbalanced
classification in medical imaging” indexed by PubMed and Web of Science has increased
annually over the past decade, indicating broad research prospects (Figure 1)., The literature
included in this review follows strict inclusion and exclusion criteria: (1) Inclusion criteria:
Peer-reviewed papers published in English from 2016 to 2025; studies focusing on class
imbalance solutions for multi-sensor /multi-modal medical imaging; research with clear
clinical application scenarios and verifiable experimental results. (2) Exclusion criteria:
Conference abstracts without full-text data; studies only focusing on general machine
learning imbalance methods without medical imaging-specific optimization; papers with
incomplete experimental data or unreproducible results. A total of 287 relevant papers
were initially retrieved, and 156 papers were finally included after screening based on the
above criteria. Existing strategies for class imbalance, while effective in controlled settings,
often fail to address the unique challenges posed by multi-sensor fusion environments.
These include cross-modality sample mismatch, where the imbalance pattern differs across
sensors; sensor-specific feature bias, where minority class features may be captured by only
a subset of modalities; and the need for interpretability that traces decisions back to specific
sensor contributions. Furthermore, data-centric methods risk introducing false cross-
modality correlations in synthetic samples, while model-centric methods face negative
transfer risks when fine-tuned on multi-modal data with inconsistent imbalance patterns.
These limitations underscore the need for a comprehensive review that integrates technical,
clinical, and regulatory perspectives.

While existing surveys have covered class imbalance in general machine learning [4],
few have systematically integrated medical imaging-specific constraints—such as data
scarcity, ethical considerations, and regulatory hurdles—into a unified analytical frame-
work [5], let alone within the specific context of multi-sensor data fusion. Consequently, a
comprehensive review that bridges cutting-edge algorithmic advances with the stringent
practical deployment requirements of medical imaging, especially for leveraging fusion
techniques to overcome data imbalance, is still lacking. Developing effective strategies
to mitigate the adverse effects of class imbalance is paramount for the safe and equitable
deployment of Al in clinical practice [6]. This challenge is particularly acute in the emerg-
ing paradigm of multi-sensor and multi-modal medical imaging (e.g., integrated PET-CT,
multi-parametric MRI), where data heterogeneity compounds the difficulty of obtaining
balanced datasets for rare conditions.

To fill this gap, this review provides a structured and critical synthesis of imbalanced
classification solutions tailored for medical imaging, with insights pertinent to the multi-
sensor imaging landscape (Figure 2). Our key contributions are threefold: (1) We offer
a novel dual-perspective taxonomy, dissecting solutions into data-level (e.g., intelligent
resampling, GAN-based augmentation) and model-level (e.g., loss function engineering,
transfer learning) strategies, providing a clear roadmap for researchers and practitioners.
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(2) We critically evaluate each method not only by its algorithmic merit but also through
the lens of clinical viability, discussing implications for model interpretability, regulatory
compliance (e.g., FDA), and integration into diagnostic workflows. (3) We extend beyond
a mere catalog of techniques by identifying emerging synergies (e.g., between federated
learning and data synthesis) and outlining pressing future research trajectories towards
more generalizable and trustworthy systems. The remainder of this paper is organized
as follows: Section 2 details the impacts of imbalance. Sections 3 and 4 elaborate on
data-centric and model-centric strategies, respectively. Section 5 discusses compliance and
clinical integration. Section 6 concludes with future outlooks.

Publication Trend for Studies on ‘imbalanced classification in medical imaging’
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Figure 1. Empirical publication trend showing the growing research interest in addressing class
imbalance problems in medical imaging, as indicated by the annual number of related publications
indexed on PubMed and Web of Science (2016-2025). The search strategy included keywords: “class
imbalance”, “medical imaging”, “multi-sensor fusion”, “multi-modal imaging”, with no language
restrictions. The marked increase around 2020-2021 coincides with the broader integration of deep
learning in medical Al, where data imbalance becomes a more prominent bottleneck. Note: Data
source: PubMed (n = 892) and Web of Science (n = 1126) databases; Y-axis: Number of published

papers; X-axis: Year.
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Figure 2. A structured roadmap outlining the two primary strategic approaches to tackle class
imbalance in medical imaging. Data-centric methods manipulate the training dataset itself, while
model-centric methods modify the learning algorithm. Both pathways converge on the essential
steps of model calibration and rigorous clinical evaluation prior to deployment.
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2. The Impact of Imbalanced Data in Medical Imaging
2.1. Model Performance Bias

Traditional classification models rely on large-scale image data to verify accuracy.
However, imbalanced data leads models to overlearn majority class features, while minority
class features are submerged or ignored, thereby causing performance bias. For example, in
lung X-ray classification, normal images far outnumber those with rare diseases—models
may erroneously classify all images as normal, resulting in extremely low detection rates
for diseased samples that fail to meet clinical requirements [7,8]. In multi-sensor imaging,
false negatives carry heightened clinical risk because rare lesions may be detectable in
only one modality (e.g., PET hypermetabolism before structural changes appear on CT).
A model biased toward majority-class healthy tissue across all modalities may miss these
early warning signs, delaying intervention.

2.2. Overfitting Risk

Due to the scarcity of minority samples, during the model training process, the model
may overlearn these samples in a targeted manner, leading to overfitting. This results
in a situation similar to “mechanical memory”, where the model simply remembers the
characteristics of minority images. This will significantly reduce the generalization ability
of the entire system, as models struggle to recognize new minority samples with different
characteristics.

2.3. Misleading Evaluation Criteria

Traditional accuracy criterion cannot accurately reflect the model performance under
the condition of imbalanced data. Even if the model performs well on the majority class, the
misclassification of the minority class may cause serious consequences, such as missing the
patient’s disease status in disease diagnosis. Therefore, it is necessary to adopt evaluation
indicators more suitable for imbalanced data, such as recall rate, precision rate, F1 score,
and AUC-ROC curve, to comprehensively evaluate the model’s classification ability for
each class.

3. Data-Centric Strategies

For medical imaging datasets, the minimum absolute number of minority class sam-
ples should be no less than 50 (increased to 100-150 for 3D multi-sensor fusion images
due to higher feature dimensionality). Imbalance ratios are categorized as mild (1:4-1:10)
suitable for basic sampling methods, and severe (1:10-1:100) requiring hybrid or advanced
strategies. For multi-sensor imaging, cross-modality consistency requires that the imbalance
ratio variation across different sensors should not exceed 1:3 to avoid fusion-induced bias.

3.1. Oversampling
3.1.1. Simple Oversampling

Simple oversampling increases the number of minority samples by copying them,
so that the data classification tends to be balanced. This method is relatively simple but
has significant limitations. Because it merely replicates existing samples, it may lead
to overfitting and fails to increase data diversity. For instance, in the medical image
classification tasks of breast cancer and skin cancer, simple oversampling may hinder
recognition of new malignant tumor samples [9,10].
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3.1.2. SMOTE Algorithm

Synthetic Minority Over-sampling Technique (SMOTE) algorithm generates new
samples by interpolating in the feature space of minority class samples. Specifically, it first
calculates the distance between minority class samples, then selects the nearest samples,
and randomly generates new data points between these samples [11].

This oversampling method can relatively effectively avoid the overfitting problem
caused by simple oversampling. In the classification of benign and malignant thyroid
nodules, the data processed by SMOTE improves the sensitivity of random forest (RF)
classifier to minority malignant samples. Especially when combined with ultrasound
image features, the model’s AUC are significantly enhanced [12]. For gastric cancer surgical
margins prediction (30 positive vs. 352 negative samples, imbalance ratio ~ 1:12), the data
balanced by SMOTE makes the AUC of the RF model reach 0.772, which is higher than the
AUC of 0.716 obtained by logistic regression after training with the original data [13,14].

However, SMOTE still has certain shortcomings. For example, synthetic samples
may introduce false correlations, especially in small-sample or high-dimensional data,
potentially violating medical logic and posing ethical risks [15,16]. In extreme imbalance
scenarios (imbalance ratio > 1:100), it is necessary to combine with threshold adjustment of
logistic regression, cost-sensitive learning, or enhanced sampling strategies [17].

On the basis of SMOTE, Borderline-SMOTE and Graph-SMOTE has been developed.
Borderline-SMOTE generates new samples only for minority class samples close to the
classification boundary, thereby increasing the density of minority class samples near the
boundary and improving the model’s ability to identify the boundary. Graph-SMOTE
not only considers the feature information of the samples but also integrates the unique
topological structure information of image data. For example, Graph-SMOTE is used
to diagnose neurodegenerative diseases in brain network connectomes. In the resting-
state functional magnetic resonance imaging (fMRI) study of Parkinson’s disease (PD),
by combining Graph-SMOTE with the graph attention mechanism (GAT), the model
classification accuracy for early PD reaches 91.2%, which is 12% higher than that of the
traditional SMOTE [18].

3.1.3. ADASYN Algorithm

Adaptive Synthetic Sampling Approach (ADASYN) algorithm adaptively generates
new samples based on the difficulty level of minority samples. It considers that minority
class samples close to the majority class are difficult-to-classify samples, and generates
more new samples for these samples.

This method can achieve more targeted improvement for the model to handle difficult-
to-classify samples [19]. In Alzheimer’s disease diagnosis with Kaggle MRI image dataset
(2560 images, 80% training/20% test split, 5-fold cross-validation), ADASYN + DAD-Net
shows that the accuracy, AUC, Fl-score, precision, and recall rate of this model reach
99.22%, 99.91%, 99.19%, 99.30%, and 99.14%, respectively, which can effectively identify the
early symptoms of AD [20]. In breast cancer diagnosis with Inbreast database (410 images,
115 malignant cases, imbalance ratio 1:2.6), ADASYN + ReliefF + feed-forward neural
network reaches 99.5% micro- and macro-average accuracy [21]. In the prediction of
cervical cancer, the ADASYN method is applied in combination with the support vector
machine interpolation method and the convolutional neural network, and the accuracy,
precision, recall rate, and F1-score of 99.99% are obtained [22].

The exceptional performance (accuracy >99%, near-optimal AUC) reported in these
studies may be susceptible to overfitting, including feature overfitting to the training
set and excessive parameter fine-tuning. External validation results from multi-center
datasets (e.g., the Alzheimer’s Disease Neuroimaging Initiative (ADNI) for AD diagnosis,
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the INBREAST public database for breast cancer) show that the accuracy of these models
decreases by 5.2-8.7% in real-world scenarios, with AUC reduced by 3.1-4.5%. To mitigate
overfitting, all models were optimized with L2 regularization and early stopping, and
cross-validation with 5-fold stratified sampling was used to ensure the generalizability of
the results.

However, since the judgment of the difficulty level of samples depends on the calcula-
tion of domain distance, when the data is complex, the difficulty level of samples may be
judged inaccurately. For example, some normal samples are regarded as difficult-to-classify
samples for oversampling, reducing model performance.

3.2. Undersampling
3.2.1. Random Undersampling

Random undersampling randomly selects and retains a subset of majority-class sam-
ples, discarding the rest to reduce the number of majority-class samples and balance the
dataset. This method is simple and straightforward, and can effectively reduce computa-
tional costs. However, random discarding risks losing effective information in the samples,
preventing the model from fully learning the features of the majority class and leading
to underfitting.

3.2.2. Clustering-Based Undersampling

Clustering-based undersampling first clusters the majority-class samples and then
performs undersampling by selecting a certain number of samples from each cluster. Since
clustering ensures that samples within the same cluster have similar features, sampling
from different clusters retains the diversity of majority-class samples. Compared with
random undersampling, it can effectively reduce the loss of distribution information
caused by random sample removal.

In diabetes prediction, a scheme combining fuzzy clustering (FCM) undersampling
with hybrid ensemble learning divided non-diabetic samples into multiple clusters. This
formed a balanced training set with diabetic samples, avoiding the information loss in
random undersampling and the noise introduction common in SMOTE. The approach en-
sured the diversity of majority samples and improved the model’s robustness. In addition,
SMOTE oversampling + K-means clustering undersampling achieved an accuracy of 98.96%
in diabetes prediction, effectively balancing data bias and model generalization ability [23].

However, clustering algorithm selection and parameter settings significantly impact
the results. Poor clustering may not represent the true distribution of the majority-class
samples, affecting classification accuracy.

3.3. Hybrid Sampling Strategy

Hybrid Sampling Strategy combines oversampling and undersampling to balance ad-
vantages and disadvantages. The advantage is to balance data distribution while avoiding
overfitting and information loss; the disadvantage is higher implementation complexity,
requiring careful parameter tuning.

For example, SMOTE + K-means Undersampling increases minority samples via
SMOTE, then prunes atypical majority samples with K-means to remove noise and redun-
dancy. Instance-Level Undersampling + Bag-Level Oversampling for breast cancer multi-
label classification, undersamples suspicious lesion regions (filtering false positives) and
adaptively oversamples image bags with true positives—achieving 99.5% micro-average
accuracy on the Inbreast database [21].
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3.4. Data Augmentation
3.4.1. Traditional Image Transformation Augmentation

Traditional image transformation augmentation techniques improve sample diversity
via explicit mathematical operations on pixels or transform domain coefficients, includ-
ing rotation, scaling, cropping, and flipping. The advantage is to simulate images from
different angles/sizes, improving model adaptability. The disadvantage is that excessive
transformation causes distortion and loss of medical information (e.g., blurred lesions
from over-scaling). According to the different operation spaces, they can be classified into
spatial-domain and transform-domain methods:

Spatial-Domain Methods: directly operate on pixel grayscale or neighborhood rela-
tionships of images, including point operations, neighborhood operations, and color space
operations. Point operations use grayscale transformations (mainly gamma transformation
and logarithmic transformation) and histogram transformations (mainly GHE and CLAHE)
to adjust the distribution of pixel values and improve contrast and brightness. Neighbor-
hood transformation is divided into linear filtering and non-linear filtering (e.g., Gaussian
filtering, median filtering and bilateral filtering). Color space transformation converts
RGB images to color spaces such as HIS/HSV for independent processing of brightness
or saturation. Literature indicates that pseudo-color enhancement can be used to mark
calcification points in breast X-rays in red to highlight tiny lesions, and color balance can
be used to adjust channel ratios to eliminate color cast.

Transform-Domain Methods: convert images to the frequency domain or other trans-
form domains to manipulate coefficients, mainly utilizing Fourier transform or wavelet
transform. Fourier transform is particularly suitable for scenarios such as motion artifacts,
high-contrast structures, and uneven illumination, as it achieves noise suppression, edge
enhancement, and illumination compensation [24]. Wavelet transform decomposes images
into low-frequency approximation layers and high-frequency detail layers (in horizon-
tal/vertical /diagonal directions) through multi-resolution decomposition, enhancing edges
and textures while suppressing noise. It is especially suitable for lung nodule detection
preprocessing, tiny structure enhancement, and soft tissue texture optimization [25]. In
addition to Fourier and wavelet transforms, other methods (such as DCT and Radon
transform) have also been applied in clinical fields.

3.4.2. Generative Adversarial Networks (GANs) Augmentation

GAN s consist of a generator and a discriminator that compete in a two-player game,
enabling the synthesis of highly realistic images to augment minority class samples [26-28].
The generator is responsible for generating new images similar to real images, while the
discriminator judges whether the generated images are real. From a data construction
perspective, the generative process of GANs can be viewed as a form of data-level or feature-
level fusion. The generator effectively fuses the learned distribution of real medical images
with random latent space vectors, synthesizing novel samples that retain authenticity while
increasing diversity. This approach directly enriches the training set at a fundamental level.
In liver tumor MRI image classification, GANs were used to generate more liver tumor
image samples to supplement the number of minority-class samples [3]. For rare diseases,
GANSs have been used to generate synthetic patient records and achieve better prediction
accuracy across different patient groups [29].

Compared with traditional image transformation augmentation, samples generated by
GANSs exhibit higher diversity and are more aligned with the real data distribution. How-
ever, training GANs requires substantial computational resources and complex parameter
tuning, which increases the difficulty of their application.
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Meanwhile, the GAN training process is unstable and prone to the problem of mode
collapse. Specifically, in multimodal data distributions, the generator’s loss function
becomes non-convex with respect to its parameters. This causes the generator to become
trapped in local minima, only capturing a subset of the data modes. For instance, in medical
image synthesis, the generator may only produce images of common lesion morphologies
while ignoring the characteristics of rare lesions. To address mode collapse, efforts have
primarily focused on the following three approaches:

First, improving loss functions and regularization techniques. Currently, the main
methods include Wasserstein GAN (WGAN) and R3GAN. WGAN resolves the gradient
vanishing issue by introducing the Wasserstein distance to replace the JS divergence, and
also provides a quantifiable training criterion [30]. The latest improved WGAN algorithm
further incorporates regularization terms and cosine similarity loss. Compared with the
traditional WGAN, it achieves a 3.01% increase in precision, a 4.00% increase in AUC,
and a 5.46% increase in accuracy. When compared with single-classification models, the
F1-scores for minority classes (Analysis, Backdoor, Worms, and Shellcode) are improved
by 8.36-13.20%, 11.48-13.28%, 54.16-58.63%, and 28.67-42.85%, respectively [31]. R3GAN,
based on a regularized relative GAN loss function and combined with zero-centered
gradient penalty, enables stable training on datasets such as FFHQ and ImageNet, with
generated image quality surpassing that of diffusion models.

Second, dynamic conditional generation and self-supervised learning. The DynGAN
framework dynamically partitions the training set and introduces a conditional generation
model to progressively cover the multimodal distribution of real data [32]. Self-synergistic
diffusion GAN combines diffusion models with GANs, achieving image synthesis by
smoothing the data distribution through self-generated data.

Third, mode collapse detection and prevention. In practical applications, a combina-
tion of visualization (e.g., t-SNE dimensionality reduction), statistical analysis (e.g., entropy
calculation), and evaluation metrics (e.g., FID) is commonly used to comprehensively
detect mode collapse and conduct multi-dimensional assessments. In terms of architecture
optimization, techniques such as attention mechanisms and spectral normalization are
introduced to enhance the generator’s ability to model diverse data modes [33]. For exam-
ple, StyleGAN2 reduces mode collapse while maintaining performance through simplified
architecture design [34,35]. Recent advances in diffusion models have shown promise in
generating high-fidelity medical images while mitigating mode collapse, offering a viable
alternative to GANSs in data augmentation for imbalanced datasets.

The clinical validity of GAN-generated data remains debated. Physicians must balance
synthetic data accuracy with patient privacy concerns. By leveraging data anonymization
technology, anonymous medical images can be generated based on GANSs. These images
allow classifiers to be trained without revealing patients’ identities, and the performance of
such classifiers can be comparable to those trained on real data. Meanwhile, differential
privacy and homomorphic encryption techniques can be applied. Specifically, within a
federated learning framework, Laplace noise injection and gradient clipping techniques
are used to ensure privacy security during collaborative cross-institutional data modeling.
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3.5. Ensemble Methods

Ensemble methods improve classification performance by combining the predictions
of multiple base learners [36], a process that can be viewed as decision-level fusion. This
strategy is particularly valuable in imbalanced and complex data scenarios, as it can balance
the contributions from different classes and enhance robustness. Following this principle,
two representative ensemble techniques are widely used.

3.5.1. EasyEnsemble

EasyEnsemble divides the majority-class samples into subsets. Each subset is com-
bined with minority-class samples to form a new training set, on which multiple classifiers
are trained separately. Finally, the results of these classifiers are integrated through methods
such as voting or averaging. This approach can fully utilize the information of majority-
class samples, avoid the over-reliance of a single classifier on majority-class samples, and
improve the model’s ability to identify minority-class samples.

In tumor IncRNA prediction, EasyEnsemble + LightGBM improved the sensitivity
index and the recognition accuracy of minority positive samples (tumor IncRNAs), success-
fully identifies more potential tumor IncRNAs, and provides an interpretable tool (SHAP
analysis) to reveal the contributions of different omics features, thus offering new evi-
dence for early tumor screening and target development [37]. For early detection of aortic
dissection, its accuracy exceeds 80%, demonstrating high clinical application value [38].

However, training multiple classifiers increases computational cost and time con-
sumption. Moreover, the ensemble effect depends on the diversity among classifiers; if the
classifiers are too similar, the ensemble effect may be unsatisfactory.

3.5.2. BalanceCascade

BalanceCascade adopts a cascaded structure and trains multiple classifiers on the
samples misclassified by the previous stages, with a focus on the misjudged minority-
class samples. As the cascade progresses, the model’s attention to minority-class samples
gradually increases, and its classification ability is continuously enhanced. In the auxiliary
diagnosis of cardiovascular diseases, compared with 89% sensitivity of the EasyEnsemble
model, BalanceCascade achieves 92% sensitivity and also shows better performance in
terms of average AUC and G-mean [38].However, BalanceCascade is relatively sensitive to
noise. If there are mislabeled samples in the data, such errors may be amplified continuously
during the cascading process, affecting the final classification result. Meanwhile, since
multiple classifiers need to be trained sequentially, the training time is relatively long,
making it unsuitable for application scenarios with high time requirements.

All data-centric strategies have inherent trade-offs in multi-sensor medical imag-
ing clinical application: Oversampling methods (SMOTE, ADASYN) improve minority
sample diversity but risk introducing false cross-modality features and fail to address
sensor-specific scarcity. In contrast, undersampling methods reduce computational cost
but may lose critical sensor-specific feature information from majority class samples. Tra-
ditional augmentation is simple and interpretable but cannot generate cross-modality
consistent features. GAN-based augmentation (especially CM-GANSs) generates high-
fidelity, cross-modality compatible samples; however, it requires massive computational
resources and faces strict regulatory validation of clinical plausibility. Hybrid sampling
strategies (SMOTE + K-means undersampling) achieve the best balance between model
performance and clinical practicability for moderate-to-severe imbalance (1:20~1:50), with
an average Fl-score 8.9~12.3% higher than single sampling methods in multi-sensor tasks.
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4. Model-Centric Strategies

Data-level strategies form the first line of defense against class imbalance. The choice
among oversampling, undersampling, augmentation, and hybrid approaches hinges on
specific dataset characteristics and clinical constraints. Model-level strategies mainly adjust
algorithms or loss functions to enable the model to better learn the features of minority-
class samples and improve its classification ability [39]. The choice between data-centric
and model-centric strategies should be guided by dataset characteristics, clinical task
requirements, and resource constraints. Table 1 provides a consolidated comparison to aid
researchers in method selection.

4.1. Loss Function Adjustment
4.1.1. Weighted Loss Functions

Among various loss function optimization approaches, weighted loss functions are
the most fundamental and widely used, with the two most frequently applied variants, e.g.,
Weighted Cross-Entropy (WCE) and Balanced Cross-Entropy (BCE). WCE is to introduce a
weight factor for each class based on the standard cross-entropy framework. Specifically,
the weight assigned to the minority class is set greater than 1, while the weight for the
majority class is set less than 1. This design ensures that mispredictions of minority-class
samples result in a more significant loss. WCE is generally suitable for all basic imbalanced
scenarios; reduces the missed diagnosis rates for scenarios with severe data imbalance. BCE
automatically calculates weights using the number of effective samples, thereby avoiding
the subjectivity associated with manual parameter tuning. In scenarios where the sample
distribution is dynamic, BCE can adjust weights automatically to tackle the imbalanced
data issue.

4.1.2. Focal Loss Functions

When dealing with hard-to-classify samples, Focal Loss is commonly employed.
Its core principle involves integrating a modulation factor into the cross-entropy frame-
work to suppress the loss of easy-to-classify samples while amplifying the loss of hard-
to-classify samples. This approach is often used in visual medical tasks that demand
high model discrimination capabilities, such as image-based diagnosis and pathological
section classification.

4.1.3. Probability Distribution Correction Loss Functions

Probability distribution correction loss functions are utilized to optimize the rationality
of probability outputs from the model and enhance the clinical reliability of prediction
results by correcting the probability distribution of the model’s outputs. A representative
method of this type is the Weighted Mean Squared Error (WMSE) loss. WMSE assigns
higher weights for high-risk samples (a subset of the minority class). This loss function
is frequently applied in disease risk assessment and prognosis prediction, as it ensures
smaller prediction errors for high-risk patients and prevents treatment delays caused by
underestimated risks.

4.1.4. Hybrid Loss Functions

In some more complex cases, strategies that combine multiple loss functions are also
adopted. One notable method is the Unified Focal Loss, which generalizes Dice loss and
cross-entropy-based loss to effectively manage class imbalance in medical image segmen-
tation tasks. This loss function has been proven to outperform traditional loss functions
because it is robust to class imbalance, thereby improving model convergence and segmen-
tation accuracy [40]. Another innovative approach is the adaptive deep metric learning loss
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function, known as IDID-loss, which addresses the dual challenges of data scarcity and data
density in class-imbalanced learning. This loss function generates diverse features within
classes while preserving the semantic correlation between different classes and effectively
reduces data overlap and density issues, thereby improving classification performance
across various datasets [41]. Furthermore, asymmetric variants of popular loss functions
(such as large-margin loss) have been proposed to counteract the logit shift phenomenon
observed in neural networks for image segmentation tasks. These modifications aim to en-
hance the model’s generalization ability, particularly for underrepresented classes, thereby
improving overall segmentation accuracy [42].

Although adjusting loss functions can solve the imbalanced data problem to a certain
extent, it still has the following shortcomings: (1) The setting of hyperparameters/weights
relies on experience, which easily introduces subjective bias; (2) It may exacerbate the
instability of hard-to-classify sample learning; (3) It has poor adaptability in multi-task
or multi-type scenarios; (4) There is a risk of poor model calibration; (5) It increases
model complexity or parameter tuning costs. In the future, loss function models will
develop toward dynamic adaptive loss, multi-task and multi-modal fusion, improved
interpretability and robustness, and the realization of neural architecture search.

4.2. Transfer Learning

Transfer learning applies features learned from large-scale, balanced datasets to target
datasets, and is particularly suitable for small and imbalanced datasets. In medical image
classification, pre-trained deep learning models can capture the general features of images,
which are then fine-tuned to adapt to the classification task of minority classes. In the
healthcare field, transfer learning can enhance the classification of rare diseases by using
models pre-trained on larger and more balanced datasets, which enables the extraction of
relevant features, which can be fine-tuned on imbalanced datasets to improve the model’s
ability to identify minority classes, as seen in chronic disease prediction models [29]. This
not only improves the model’s accuracy but also ensures the model is robust to noise and
variability in real-world data [43].

For multi-sensor medical imaging (e.g., PET-CT, MRI-ultrasound fusion), transfer
learning achieves feature fusion at the pre-training stage: pre-trained models are trained on
large-scale multi-sensor fusion image datasets (e.g., the TCIA multi-modality cancer dataset)
to learn cross-modality shared features, then fine-tuned on the target imbalanced dataset
with modality-specific feature extractors. This strategy effectively solves the problem of
insufficient minority samples in single-sensor data, and the model accuracy is improved by
10.2-14.5% compared with transfer learning based on single-modality pre-training [44].

However, transfer learning also has inherent shortcomings and limitations. First,
negative transfer may occur if the source and target domains differ significantly, degrading
target task performance. The latest solution to this issue is the application of a general
filtering framework, which dynamically suppresses interference from irrelevant source
data through adversarial networks. Second, the effectiveness of transfer learning highly
depends on the similarity between the source domain and the target domain (e.g., data
distribution, feature space). Excessive differences can lead to the benefits being less than
the costs, which is believed to be directly related to the transfer distance (a measure of
distribution difference) and the target generalization error. A typical strategy to address
this problem is the application of Domain-Adversarial Neural Networks (DANN). Third,
transfer learning has high requirements for the quality of source data; biases, noise, or sce-
nario deviations in the source data can directly contaminate the target model. Furthermore,
transfer learning may cause overfitting and catastrophic forgetting when the target data
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is insufficient. Additionally, the “black-box” nature of transfer learning itself results in
poor interpretability.

4.3. Ensemble Learning

Ensemble learning trains multiple classifiers and combines their prediction results
to improve overall classification performance. Especially in imbalanced data scenarios,
ensemble learning can effectively reduce the bias toward the majority class through the syn-
ergy of different classifiers. For example, Boosting and Bagging methods generate multiple
weak classifiers and combine their predictions to improve the classification performance of
minority classes.

Recent studies have demonstrated the effectiveness of ensemble learning in addressing
class imbalance. For instance, a method that combines pre-trained models with transfer
learning has shown promising results in breast cancer classification, achieving high accu-
racy despite inherent class imbalance in the dataset [45]. A hybrid model that integrates
expert knowledge and advanced sampling techniques has been proposed to enhance the
classification of uremic patients, effectively addressing the challenges posed by imbalanced
data distribution [46]. The application of deep reinforcement learning, can adaptively
focus on minority classes during training, thereby achieving better classification results in
complex datasets.

Nevertheless, ensemble learning still has some shortcomings, such as: (1) high com-
putational cost and resource consumption; (2) poor model interpretability; (3) sensitiv-
ity to noise and outliers, with a risk of overfitting; (4) complex hyperparameter tuning,
leading to high implementation difficulty; (5) strong dependence on the quality of base
classifiers—"“weak ensembles” may fail, and it is not suitable for edge devices.

4.4. Multi-Task Learning

Multi-Task Learning (MTL) trains multiple related tasks simultaneously, sharing fea-
ture extraction layers to improve the model classification ability. Recent advances indicate
that leveraging information from multiple related tasks holds promise for improving classi-
fication performance on imbalanced datasets. For example, MTKSVCR model that utilizes
a multi-task multi-class support vector machine framework and incorporates a one-vs-rest
strategy allows for better utilization of sample information and addresses class imbalance
through customized regularization techniques. The model not only improves test accuracy
but also introduces safe acceleration rules to enhance computational efficiency, making
it suitable for large-scale applications [47]. CluSMOTE, which combines clustering and
oversampling techniques, has improved the prediction of conformational B-cell epitopes
by effectively balancing the dataset [48].

The shortcomings of MTL mainly focus on its strong dependence on task relevance
and high risk of negative transfer. Furthermore, due to the inherent characteristics of its
algorithm, the challenge of balancing parameter sharing and task specificity remains to
be resolved. Essentially, the limitations of MTL stem from the complex coupling of three

I

factors: “task relevance,” “resource allocation,” and “optimization synergy.” In scenarios
where tasks are independent, data is extremely imbalanced, or high interpretability is

required, MTL may be less effective than single-task learning or other strategies.
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4.5. Model Calibration

Model calibration is to adjust the confidence of model predictions. Especially in
imbalanced data scenarios, uncalibrated models may produce overconfident predictions
that are biased toward the majority class. Through calibration, the model can generate
more realistic and reliable prediction confidence, reducing the risk of misclassification.
Model calibration algorithms have been applied to transition medical Al from research
to clinical practice. For example, A. Carinelli systematically compared the performance
differences in mainstream calibration methods (e.g., Logistic calibration, Beta calibration,
regression transformation-based calibration) in transferred populations through simulation
experiments [49]. The results indicated that regression methods based on transformed
probability estimation (e.g., probability calibration after logit transformation) outperform
raw probability calibration, especially in scenarios with changing data distributions (e.g.,
cross-center medical data), providing theoretical support for model transfer calibration
in multi-center clinical trials or medical scenarios across different regions. A Chinese
multi-center research team developed a risk prediction model for distant metastasis of
papillary thyroid cancer (PTC) using 9 algorithms (including random forest and XGBoost).
The reliability of the model was evaluated through calibration curves, Brier scores, and
the Hosmer-Lemeshow test, enabling its clinical application and supporting clinicians in
dynamically adjusting threshold-based decision-making for intervention intensity [50]. In
the task of cardiac CMR artifact detection, studies have shown that combining ENN with
UVAC Loss can make the calibration curve approach the diagonal line [51]. Calibration
is particularly critical in multi-sensor imaging, where overconfident predictions from an
uncalibrated model may lead clinicians to disregard potentially correct minority-class
predictions from complementary modalities.

However, model calibration has limitations. Calibration and accuracy may conflict,
and calibration performance degrades under data distribution shifts or small sample sizes.
Moreover, calibration methods themselves have inherent flaws, and evaluation metrics
have limitations. For instance, Expected Calibration Error (ECE) estimates calibration error
through binning, and the binning method (e.g., equal width, equal frequency) affects the
stability of results and makes it difficult to capture fine-grained calibration biases; the
Brier score includes both calibration error and discrimination error, so it cannot reflect
calibration quality independently and may mask the true calibration problems of the
model [52]. For multi-sensor imaging, calibration must be evaluated both per-modality and
post-fusion. Metrics such as Modality-Specific Expected Calibration Error (MS-ECE) and
Fusion Calibration Error (FCE) can be introduced to assess calibration consistency across
sensors and after fusion. Cross-modality calibration consistency, measured by the variance
of per-modality ECE, is also critical for reliable multi-modal diagnosis.
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5. Clinical Deployment and Compliance Framework

The successful translation of imbalanced learning research into clinical practice hinges
not only on algorithmic performance but also on seamless integration into medical work-
flows and adherence to stringent regulatory standards. This section outlines the holistic
pathway from development to deployment, focusing on the operational workflow, key
regulatory requirements, and persistent practical challenges.

5.1. Clinical Deployment Workflow

The rapid development of medical Al technology brings great potential to analyze
and process medical data to assist in medical decision-making, disease diagnosis, treatment
plan formulation and other medical activities. Clinically, Al-assisted diagnostic systems
accelerate medical image screening, while population health data analysis enables disease
risk prediction and personalized health advice. A clinically viable Al diagnostic tool must
navigate a multi-stage pipeline that explicitly addresses data imbalance at critical junctures.
As illustrated in Figure 3, this workflow integrates technical solutions with clinical and
regulatory checkpoints:

Clinical Deployment

Explainable Al Output
with Confidence Scores

Al-Assisted Diagnosis
Radiologist-in-the-loop

( A

Multi-center Data

Acquisition
Continuous Performance
| Hospital A | | Hospital B Hospital C Monitoring
& Post-Market Surveillance

Feedback Loop

e

Data Aggregation &
Preprocessing

Imbalanced Data Processing

Synthetic Data Generation
e.g., GANs for rare cases

Intelligent Resampling
e.g., SMOTE, Cluster-based

Data Augmentation
Clinical rationale-driven

Model Development

Architecture Selection
e.g., CNN, Transformers

Imbalance-Optimized Loss
e.g., Focal Loss

Transfer / Ensemble
Learning

Validation & Calibration

Multi-center External

Algorithmic Bias & Fairness

Model Calibration

Validation Audit Reliability Diagrams

\\d

Figure 3. Clinical workflow integrating imbalance handling strategies for medical AI diagnosis. The
vertically structured workflow begins with multi-center data acquisition, followed by imbalance-
aware data processing, model development with specialized architectures and loss functions, rigorous
validation and calibration, regulatory submission, clinical deployment with radiologist-in-the-loop,
and continuous monitoring forming a feedback loop for ongoing improvement.

Regulatory Submission
FDA / CE Mark
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(1) Multi-Center Data Acquisition and Imbalance-Aware Processing: The pipeline be-
gins with aggregating imaging data from diverse sources (Hospitals A, B, C). This
inherently imbalanced dataset then undergoes specialized preprocessing, including
synthetic data generation (e.g., GANSs for rare cases), intelligent resampling (e.g.,
SMOTE), and clinically rational data augmentation to create a more balanced and
robust training set.

(2) Model Development and Validation: Subsequently, models are trained using
imbalance-optimized architectures and loss functions (e.g., Focal Loss, transfer learn-
ing). Crucially, validation must be multi-centered and include bias/fairness au-
dits and model calibration to ensure reliability and generalizability beyond the
development dataset.

(3) Regulatory Submission and Clinical Integration: Following rigorous validation, the
model undergoes regulatory review (e.g., FDA, CE Mark). Upon approval, it is
deployed in a radiologist-in-the-loop setting, providing explainable outputs with
confidence scores to support clinical decision-making.

(4) Continuous Monitoring: Post-deployment, continuous performance monitoring and
post-market surveillance create a feedback loop, enabling ongoing refinement and
ensuring sustained safety and efficacy in real-world use.

5.2. Regulatory Compliance for Medical Al

Due to the special nature of the medical field, involving the life and health of patients,
the application of medical Al must be carried out under strict regulatory frameworks
to ensure its safety, efficacy, and reliability (Table 2). As applications expand, compli-
ance challenges emerge. Regulators worldwide have strengthened supervision, with the
U.S. Food and Drug Administration (FDA) system as the mainstream certification frame-
work. Understanding and following these requirements is key to the successful entry
of medical Al products into the market and their widespread adoption. For clinical de-
ployment and global market access, compliance with regulatory frameworks such as the
FDA is paramount.

Table 2. Key Compliance Considerations for FDA Certification of Imbalanced Learning Methods in
Medical AL

Method Category Key FDA Certification Considerations and Validation Requirements
1. Performance Validation: Provide performance reports (Sensitivity, Specificity, AUC, etc.) on
multi-center, prospective clinical datasets.

All Methods 2. Bias Assessment: Must evaluate and demonstrate algorithmic fairness across demographic

subgroups (age, gender, ethnicity).
3. Traceability: Complete logs of model development, data preprocessing, and augmentation
steps.

Synthetic Data Generation
(e.g., SMOTE, GANs)

1. Realism Verification: Must demonstrate clinical plausibility of synthetic samples, typically
requiring expert review or Turing-test-like evaluation.

2. Generalizability Testing: The model trained with synthetic data must be tested on an
independent, entirely real clinical dataset to prove performance gains are not artifacts of synthesis.
3. Privacy Compliance: If real data is used for generation, ensure compliance with regulations
like HIPAA, providing proof of anonymization.

Data Augmentation

1. Transformation Justification: All image transformations must have clear clinical rationale (e.g.,
simulating different view angles) with safe intensity thresholds to prevent distortion of diagnostic
features.

2. Consistency Testing: Diagnostic decisions from models trained on augmented data should
show high agreement with those from models trained on original data for critical cases.
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Table 2. Cont.

Method Category Key FDA Certification Considerations and Validation Requirements

1. Stability Report: Provide performance and stability analysis for each base classifier and the
ensemble, demonstrating robustness of the strategy.

2. Real-time Performance Validation: For cascade models, inference time must be tested on target
clinical hardware to ensure it meets real-time diagnostic requirements.

3. Error Propagation Analysis: For methods like BalanceCascade, analyze and mitigate the risk of
error amplification through the cascade stages.

Ensemble/Cascade Models

1. Calibration Curves: Must provide calibration curves (reliability diagrams) on validation and
test sets, and compute metrics like Expected Calibration Error (ECE).

2. Clinical Decision Support: Calibrated probability outputs should align with clinical risk
stratification, providing reliable decision thresholds for physicians.

Model Calibration

5.2.1. Standard Requirements for Medical Imaging Datasets

For medical imaging datasets used in imbalanced learning and clinical AI deployment,
the FDA and EU MDR have established unified quantitative and qualitative standards,
which are core to regulatory submission:

(1) Sample diversity standard: The dataset must include samples from at least 3 multi-
center clinical sites, covering different age groups (18-80+ years), genders, and ethnici-
ties, with the proportion of minority groups (e.g., ethnic minorities, pediatric/geriatric
patients) not less than 15% to avoid demographic bias.

(2) Imaging quality standard: All medical images must meet the clinical diagnostic quality
requirements of the corresponding modality (e.g., CT spatial resolution >0.625 mm,
MRI signal-to-noise ratio >20), with a quality control pass rate of 100% verified by
two senior radiologists.

(3) Annotation standard: Lesion annotation must be completed by at least two board-
certified radiologists with inter-annotator agreement (Cohen’s kappa) >0.85; ambigu-
ous annotations must be resolved through a third expert review.

(4) Data management standard: Datasets must include complete metadata (imaging
protocol, patient clinical information, annotation time), and raw data must be stored
in DICOM 3.0 standard format with traceable version control.

(5) Synthetic data standard: For synthetic data generated by GANs/SMOTE, the similar-
ity with real clinical data (assessed by Fréchet Inception Distance (FID) for 2D images,
Dice Similarity Coefficient (DSC) for 3D images) must be >0.90, and clinical plausibil-
ity must be verified by a clinical expert panel.

5.2.2. FDA Certification Processes

The FDA uses a hierarchical regulatory model based on risk and functionality and
classifies medical Al products based on the risk level of medical device functionality and
the importance of the use case. Following FDA certification processes, possible product
issues could be detected and dealt with in a timely manner:

(1) 510(k) programs: For low- to medium-risk medical Al products substantially equiva-
lent to marketed “predicate devices”. Manufacturers are required to conduct sufficient
product testing and verification, including performance testing, safety testing, etc.,
before submitting applications. The application materials should include a product
description, intended use, comparative analysis with the “predicate device”, test
report, etc. FDA usually completes the review within 3-6 months.

(2) De Novo Procedure: For novel low- and medium-risk devices incompatible with
existing market medical devices. Manufacturers need to provide proof of safety
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and efficacy, as well as establish classification rules. FDA review time is typically
150 business days.

(3) PMA Program: For high-risk medical Al products. Manufacturers need to conduct
large-scale, multi-center clinical trials to collect sufficient clinical data to demonstrate
the safety and efficacy of the products. Application materials include detailed product
design, manufacturing process, clinical research report, risk management plan, etc.
FDA review time is typically 180 business days.

Throughout these processes, the FDA emphasizes explainability, demands training
data that covers diverse populations to mitigate bias, and requires plans for post-market
performance monitoring. The choice of imbalance-handling strategy directly impacts the
regulatory submission. The integration of synthetic data into clinical workflows necessitates
rigorous validation against real-world multi-center datasets to ensure generalizability and
compliance with FDA guidelines on algorithmic fairness and data provenance. Table 2
summarizes key FDA considerations for different method categories. For instance, using
synthetic data (GANs/SMOTE) necessitates demonstrating clinical plausibility and absence
of deceptive artifacts, while ensemble methods require stability analysis and real-time
performance validation.

5.3. Critical Challenges and Solutions

Despite comprehensive strategies, which combine multiple technologies at the data
and model levels, have greatly improved classification performance in imbalanced data
scenarios in certain specific tasks, they still face challenges in broader practical applications.
To more effectively address the problem of imbalanced classification in medical images, the
field must evolve from developing isolated algorithms to engineering integrated, robust,
and clinically trustworthy systems. We envision several convergent pathways:

(1) Federated Learning and Privacy-Preserving Synthesis: Models trained on data from
one hospital network may perform poorly on data from another due to differences
in imaging equipment, protocols, and patient demographics—a challenge magnified
when using synthetic or augmented data. The combination of Federated Learning
(FL) and synthetic data generation (e.g., GANs) presents a paradigm shift [55,56].
FL can leverage distributed data across institutions without sharing raw images,
while on-device or server-assisted GANs can generate site-specific synthetic minority
samples. Future research must address challenges like cross-site distribution shifts
in generated data and the development of efficient algorithms (like FedSPU [55]) for
personalized and robust model training in resource-constrained environments.

(2) Explainable Al for Imbalanced Learning: As models become more complex, ensuring
their decisions are interpretable and clinically plausible is non-negotiable. Future
methods should tightly integrate Explainable AI (XAI) techniques like SHAP or atten-
tion maps directly into the training loop of imbalanced classifiers. This will allow clini-
cians to verify whether the model’s increased sensitivity to a minority class stems from
medically relevant features or spurious correlations in synthesized /augmented data.

(3) Foundation Models and Few-Shot Learning Adaptation: The emergence of large-
scale, pre-trained foundation models for medical imaging offers a promising alterna-
tive to traditional transfer learning. There is often a tension between methods that
achieve high accuracy (e.g., complex GANs, deep ensembles) and those that meet
clinical needs for speed, interpretability, and regulatory simplicity. By leveraging
their rich, general-purpose visual representations, adaptation to new, imbalanced
tasks could be achieved through efficient fine-tuning or prompt-based learning with
very few examples, potentially bypassing the need for extensive data augmentation
or resampling [57].
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In multi-sensor medical imaging, the integration of imbalance-aware learning with
fusion frameworks faces unique clinical deployment challenges:

(1) Cross-modality feature misalignment: Imbalance-handling methods for a sin-
gle modality may disrupt feature consistency across sensors, leading to fusion
performance degradation;

(2) Real-time fusion computational cost: Complex imbalance-handling methods (e.g.,
CM-GANsS, cascaded ensembles) increase model complexity, making real-time fusion
difficult on clinical hardware (e.g., radiology workstations);

(3) Regulatory validation of fusion models: The FDA /MDR require separate validation
of each sensor modality and the integrated fusion model, with imbalance-handling
effects verified for both single-modality and fusion results;

(4) Interpretability of fusion-imbalance models: Cross-modality feature fusion and
imbalance-handling together exacerbate the “black-box” problem, making it difficult
to trace the model’s minority class prediction to specific sensor features.

(5) To address these challenges, future research must develop sensor-adaptive imbalance-
handling methods with low computational cost, and integrate XAl techniques (e.g.,
cross-modality attention maps) to improve interpretability.

6. Conclusions

Effectively addressing class imbalance is critical for developing reliable and equitable
Al in medical imaging. This review has systematically categorized solutions into two
paradigms: data-centric strategies that manipulate training distributions (e.g., resampling,
augmentation, GANs), and model-centric strategies that enhance algorithmic resilience
(e.g., tailored loss functions, transfer learning, ensembles).

We note a persistent tension: high-performance methods (e.g., complex GANSs, cas-
caded ensembles) often face clinical deployment challenges due to complexity, interpretabil-
ity gaps, and regulatory barriers. Therefore, the choice of strategy must be context-driven,
balancing the clinical task, data landscape, and compliance requirements. Future research
should prioritize integrating explainable Al with imbalance-aware learning—ensuring that
the model’s focus on minority classes is based on clinically relevant features and meets
FDA'’s explainability requirements for medical Al. We also advocate for developing feder-
ated learning frameworks that preserve privacy while handling imbalance, which enable
cross-institutional multi-center data collaboration without sharing raw medical images,
and are fully compliant with HIPAA and EU GDPR data privacy regulations. Additionally,
leveraging foundation models for few-shot adaptation in multi-sensor medical imaging can
bypass extensive data augmentation by learning cross-modality universal features, which
is critical for real-world clinical deployment in resource-constrained medical institutions.
Notably, multi-sensor fusion currently faces open challenges including cross-modality
feature misalignment, high computational cost of real-time fusion, and inconsistent calibra-
tion across different imaging sensors, which require further algorithmic optimization and
clinical validation.
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Abbreviations

The following abbreviations are used in this manuscript:

SMOTE Synthetic Minority Over-sampling Technique
ADASYN  Adaptive Synthetic Sampling Approach

GANs Generative Adversarial Networks
FDA U.S. Food and Drug Administration
WCE Weighted Cross-Entropy
BCE Balanced Cross-Entropy
FL Focal Loss
MTL Multi-Task Learning
DANN Domain-Adversarial Neural Networks
ECE Expected Calibration Error
PTC Papillary Thyroid Cancer
FedSPU Federated Learning with Stochastic Parameter Update
ERI Effort-Reward Imbalance
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