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ARTICLE INFO ABSTRACT

Keywords: The study introduces an innovative approach for efficient vital signs monitoring in acupuncture by combining
Vital signs multi-channel ballistocardiogram (BCG) signals and multi-task learning, taking advantage of the polyvinylidene
Real-time fluoride (PVDF) film sensor and deep neural networks. The proposed system utilizes non-contact under-mattress

Deep learning

Internet of things (IoT)
Ballistocardiogram (BCG)
Acupuncture

BCG signals and deep learning for heart rate (HR), respiration rate (RR) estimation and lying posture detection.
A custom-designed data-logger captures the signal from a BCG sensor located under the patient’s back for data
acquisition, and integrates Gated Recurrent Unit (GRU) and Multi-head Self-Attention (MHSA) deep learning

mechanisms for efficient HR, RR estimation and posture classification. In experiments with 25 participants, the
proposed method achieved 98.7% accuracy for activity recognition and 97.6% for lying posture classification.
In HR and RR estimation, the best case of mean absolute error (MAE) for HR achieves 0.77 beats per minute
(bpm) in the right lateral posture, while the best value of MAE for RR is 0.43 breaths per minute (brpm) in the
seated posture, compared to an FDA-approved device. The results demonstrate the high performance of multi-task
learning for vital signs estimation and posture classification with our BCG-based system. This work establishes
an innovative and practical pathway for medical assistance tools in non-contact monitoring and management.

1. Introduction flow of vital energy and promote healing. Conventional acupuncture

Acupuncture, as an external stimulation, is well-known for its use-
fulness in pain management, stress reduction, and general physiological
balance [1]. It involves the careful and accurate insertion of thin, steril-
ized needles into particular points on the patient’s body to balance the

relies heavily on manual identification of acupuncture points, which
can be subjective. Recent advancements propose artificial intelligence
(AI)-based systems using cameras and projectors for precise, automated
point localization [2—4]. These systems require unobstructed access to
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Fig. 1. System overview.

the patient’s body, necessitating vital signs monitoring solutions that
avoid cables or devices crossing the body to prevent interference with
acupuncture points. Among vital signals, heart rate (HR) and respira-
tion rate (RR) are the primary objectives that can provide insights into
a patient’s cardiovascular health, autonomic nervous system function,
and stress levels [5,6], which are integral to evaluating acupuncture’s
therapeutic effects [7,8]. However, existing methods rarely consider the
specific constraints, such as the need for unobtrusive, cable-free systems.

Traditionally, HR and RR monitoring often involve contact-based
wearable devices such as electrocardiograms (ECG) and respiratory belts
[9-11]. While accurate, these devices require direct attachment to the
skin via electrodes or straps, which may overlap with certain acupunc-
ture points. Besides that, crossing cables through the patient’s body
may accidentally impact the acupuncture points, causing insecurity and
discomfort for patients. Consequently, substantial efforts have been in-
vested in the development of ballistocardiogram (BCG) systems tailored
for non-contact HR and RR monitoring [12-14]. BCG captures me-
chanical vibrations from cardiac activity and blood flow using sensors
placed under a mattress, eliminating direct skin contact. This approach
is particularly suitable for acupuncture, as it minimizes interference
with therapy points and enhances patient comfort. However, BCG-based
systems must overcome challenges related to signal complexity and
environmental noise to achieve accuracy comparable to ECG.

Many studies have attempted non-contact BCG measurement using
various operating mechanisms. Radar-based systems, which emit prob-
ing waves to detect chest movements, offer non-invasive monitoring but
suffer from reduced accuracy in multi-person environments due to in-
terference [15,16]. Additionally, concerns about the health effects of
prolonged radio frequency (RF) exposure limit their practicality in clini-
cal settings. Accelerometers and pressure sensors, typically placed under
mattresses, provide a simpler alternative but may struggle with mo-
tion artifacts [17-19]. Fiber optic sensors, effective in contact-based
scenarios, are less viable for non-contact BCG due to their reliance on
physical interaction and high implementation costs [20]. In contrast,
piezoelectric polyvinylidene fluoride (PVDF) sensors have emerged as
a promising solution [21]. Their high sensitivity to mechanical vibra-
tions enables accurate detection of subtle HR and RR signals without
direct contact. PVDF sensors are also less susceptible to environmental
interference than radar and more cost-effective than fiber optics, mak-
ing them well-suited for acupuncture settings [22]. Their performance
depends on robust signal processing to handle the complex, non-linear
and non-stationary nature of BCG signals.

Extracting HR and RR from BCG signals is inherently challenging due
to their non-linear and non-stationary characteristics, unlike the more
straightforward ECG signals. Traditional methods, such as envelope
detection and peak detection, often fail to account for these complexi-
ties, leading to suboptimal accuracy [12-14,17,23]. Recent studies have

leveraged deep learning to improve HR and RR estimation. For instance,
Cimr et al. [24] used Convolutional Neural Networks (CNNs) to detect
breathing disorders from BCG signals, while Liu et al. [25] combined
multi-scale CNNs with self-attention for atrial fibrillation classification.
Murshed et al. [26] employed CNNs for local feature extraction in HR
estimation, and Jiao et al. [27] utilized Bidirectional Long-Short Term
Memory (Bi-LSTM) for HR estimation. These approaches demonstrate
significant improvements over traditional methods by capturing com-
plex signal patterns. However, they often focus on single-task estimation
(e.g., HR or RR) and underutilize deep learning’s potential for multi-
task learning, which could simultaneously address HR, RR, and other
parameters.

The main goal of this study is to introduce an innovative approach
employing a PVDF film sensor to establish a smart bed sensor (SBS),
designed for wireless, non-contact and unconscious monitoring of ac-
tivities and vital signs in individuals lying on a mattress. Integrating
BCG signals and embedded deep learning models contributes to accurate
HR, RR estimation, activities, and posture detection. We have success-
fully deployed the SBS system for real-time monitoring of vital signs in
the laboratory. The system overview is illustrated in Fig. 1. To achieve
our results, several significant technical obstacles were addressed, as
outlined below.

1. Multi-channel signal sensing on a single PVDF sensor: Most exist-
ing works in vital signs monitoring focus on either HR estimation
[28] or RR estimation [29]. Recently, Pérez-Avila et al. [30] pre-
sented both HR and RR estimates but utilized two separate sensors
for HR and RR with some wiring. However, the complexity of the
hardware setup should be minimal to meet the requirements of
wireless and unconscious monitoring as mentioned above.

2. Multi-task learning for HR, RR estimation, occupancy, activities,
and different lying posture recognition: Single-task learning re-
quires a huge computational resources and training time if each
task is handled independently. It also lacks the ability to share rel-
evant features across tasks, often leading to redundant processing
and lower overall efficiency compared to multi-task learning.

3. Different tilt angles of mattress measurement: In practical treat-
ment, doctors may ask patients to lie on a bed with various tilt
angles of the mattress to suit their medical conditions. Due to the
body’s mass alignment and pressure distribution variations, tilt an-
gles might alter the sensor’s signal accuracy. Testing over several
tilt angles of the mattress ensures comprehensive data for deep
learning training.

4. Different sensor locations: The placement of a sensor strip on
a mattress greatly affects acquisition signal quality. The BCG
sensor, positioned vertically under the heart, generally captures
stronger and more stable signals than the other positions due to
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Fig. 2. Raw signals obtained from the SBS device with different testing scenarios.

its proximity to the heart and movement artifacts. Various sensor
position tests would provide a complete understanding of signal
quality acquisition.

The major contributions of this study are summarized as follows.

1. A comprehensive system for wireless, non-contact, and uncon-
scious vital sign monitoring in acupuncture is suggested to au-
tonomously detect HR and RR and identify in-bed activities such
as movement, talking, and lying postures.

2. A hybrid deep learning model is proposed for multi-task learning
and thoroughly evaluated against classical models to identify the
most suitable approach for non-contact vital sign monitoring in
acupuncture.

3. The proposed system demonstrates high accuracy and reliabil-
ity across various testing scenarios, and exhibits superior multi-
tasking capabilities compared to conventional methods.

4. The study introduces a novel application of SBS for real-time,
non-contact safety monitoring of acupuncture patients, with in-
tegrated IoT and deep learning enabling remote healthcare and
telemedicine-based management.

The remainder of this paper is structured as follows. Section 2 introduces
the system design. Section 3 elucidates the proposed framework for
deep learning methodology for multi-task estimation. Section 4 presents
the obtained results. Lastly, Section 5 discusses and concludes remarks
derived from this study.

2. Materials and methods
2.1. Proposed BCG sensor

The proposed BCG-based system uses the PVDF film strip sensor
10,184,000-01 from TE Connectivity to capture the weak vibration
signals under the patient’s chest. The PVDF sensor works on the piezo-
electric principle, where mechanical stress or strain on the film produces
an electrical signal proportional to the vibrations of the body’s mass. This
setup allows for the extraction of HR, RR, and activity data when the
sensor is placed on or under the mattress. Designed for natural and un-
conscious measurement, this approach eliminates the need for wearable
devices, attached sensors, or electrodes, providing a non-contact and

under-mattress monitoring experience. These are key advantages that
PVDF-based under-mattress BCG sensors offer over traditional contact-
based vital sign monitoring methods. The sensor length of 800 mm
ensures body contact for reliable signal detection in any posture, as il-
lustrated in Fig. 2. The sensor film comes in a thin package with a PET
cover and an anti-slip rubber base to keep the device firmly in place on
the mattress.

2.2. Wireless non-contact BCG-based system

Fig. 3 illustrates the self-developed circuit designed for the SBS sys-
tem. It comprises a data-logger circuit and a flexible PVDF sensor film.
The overview of the data-logger system mainly includes three key mod-
ules: the processor and wireless communication unit (PWCU), the power
management unit (PMU), and the data sensing unit (DSU).

1. The PWCU: The main control board is powered by an ESP32-S3
processor, featuring an Xtensa Dual-core 32-bit LX7 CPU for ef-
ficient sensor data acquisition and processing. It also integrates
a Wi-Fi module and a Bluetooth 5.0 Low Energy module with
advanced features for enabling IoT communications. The PWCU
functions to data sampling and wireless transmission for the
external PC, where inference is performed.

2. The PMU: For optimized power management, the XC6210B332
low dropout voltage regulators from Torex Semiconductor are
integrated. The PMU uses the BQ21040 battery charger from
Texas Instruments for reliable charging and safety protection.
USB interface is utilized for charging and firmware uploading to
the processor. The ESP32-based data-logger system with an av-
erage power consumption of 89 mAh, when powered through
a 3.7 V-2500 mAh rechargeable lithium battery, can achieve
a lifetime of around 27 h for continuous operation with a full
charge. The device’s long battery life allows uninterrupted, full-
day monitoring without the need for recharging. This capability
is particularly beneficial for continuous at-home monitoring and
extended clinical studies.

3. The DSU: In the operational environment, the signal from the
PVDF sensor is negligible and splits into two channels. Therefore,
we used two OPA4340 operational amplifier (op-amp) chips from
Texas Instruments for signal amplification, one dedicated to the
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HR processing module and the other to the RR processing mod-
ule. Each signal is amplified and filtered by an on-device op-amp
circuit with a bandpass filter (BPF): 0.1 Hz-5 Hz for the HR mod-
ule and 0.1 Hz-2 Hz for the RR module. These frequency bands
were chosen based on typical cardiac and respiratory rates, allow-
ing real-time noise suppression and passing the relevant signals in
real-world acupuncture.

2.3. Experimental setup

Our contactless monitoring system was tested in a clinically rele-
vant setting reflecting typical acupuncture scenarios, as shown in Fig. 4.

Twenty-five healthy subjects (20 males and 5 females; Age: 27.8 +
4; Weight: 71.4 + 19.5 kg; Height: 172.3 + 12.3 cm) were recruited
for the research. The study was conducted under the approval of the
Pukyong National University Institutional Review Board (IRB), reference
IRB number PKNU IRB 2024-12-010, and consent was obtained from
all volunteer participants. During the experiment, participants were in-
structed to remain clothed and lie down in a relaxed position on the
patient bed (Yeongnam Bed & Medical, South Korea) in the laboratory
environment.

To ensure sufficient data for training deep neural networks, we per-
formed a total of 500 experimental trials. The setting scenarios help
us evaluate the comprehensive performance of common physiological
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conditions in practicing acupuncture. The trials consist of three settings
of the bed mattress’s angle, four settings for lying posture, and two set-
tings for sensor position, as shown in Fig. 4. The mattress’s tilt angle
setting includes O degrees, 10 degrees for lying posture, and 60 degrees
for seated posture. For lying postures corresponding to the certain mat-
tress angle, the participants were asked to lie in four different postures:
supine, left and right lateral, and prone. Each trial lasts 2 min, followed
by 1 min of rest before the next measurement. The participants were also
asked to perform certain actions such as movement, talking, and finish-
ing their experiment with off-bed action. The whole sampling scenario
at position 1 is repeated in the same manner for sampling at position 2,
which is placed 15 cm from position 1. For benchmark measurement,
we utilized the commercially available, FDA-approved BT-770 patient
monitoring device (Bistos, South Korea) as ground truth labels for the
regression task. This device provides HR and RR values derived from its
ECG signal. We used its reference standard for evaluating HR and RR
estimation accuracy in this study. We obtained the raw data from our
SBS device at a sampling rate 500 Hz and transferred it to the PC via
BLE 5.0 communications.

3. Multi-task deep learning
3.1. Data segmentation and labeling

The BCG signals collected from the proposed system were first down-
sampled from 500 Hz to 100 Hz. This reduction maintains essential
signal information while significantly lowering the computational bur-
den for subsequent processing. In total, our study includes four activities:
movement, talking, off-bed and in-bed. Within the in-bed activity class,

eight specific postures were further annotated: left, left (10°), right, right
(10°), supine, supine (10°), prone and seated. The in-bed label encom-
passes eight postures, which are assigned numeric labels ranging from
0 to 10. Labels 0 to 2 correspond to the categories of movement, talk-
ing, and off-bed, respectively, while the remaining labels represent the
specific in-bed postures.

We used a window size of 1000 samples, corresponding to a 10-
second duration, with an overlap of 80% between consecutive windows
to ensure continuity. At last, 14,496 segments were used to build and
evaluate models. To avoid potential data leakage due to overlapping
windows, the dataset was divided into two sets, including 80% of par-
ticipants’ data for the training set and 20% for validation. The dataset
and class distributions are shown in Figs. 5 and 6.

3.2. Proposed deep neural network architecture

Given the temporal nature of vital signals, recurrent models have
been effectively applied to BCG signals and a CNN was employed
as a feature extractor [28]. While recurrent neural networks (RNNs)
are susceptible to vanishing gradient issues, LSTM networks address
this problem but require more computational resources than Gated
Recurrent Units (GRUs) [31]. In this section, we introduce the proposed
network, Heart Rate Respiration Rate-Attention Gated Recurrent Unit
(H3R-AGRU), which integrates a GRU architecture with a multi-head
self-attention (MHSA) mechanism.

To address the need for generating multiple outputs, including HR,
RR estimation, in-bed activities, and posture classification, an archi-
tectural design incorporating multiple branches at the terminal layers
is required. We utilized a multi-task learning framework that shares
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tecture; (b) Feature Extraction Block for multi-network data processing; (c) Multi-Head Attention Block detailing its Query (Q), Key (K), and Value (V) components;

(d) Detailed cell structure of the Gated Recurrent Unit (GRU).

backbone architecture. This approach not only facilitates parameter
sharing across tasks but also reduces computational overhead compared
to single-task learning methodologies.

The network comprises regression output heads for HR, and RR es-
timation tasks and classification output heads for recognizing activities
and postures. As shown in Fig. 7(a), the proposed method consists of
several modules, including feature extraction, GRU and MHSA. The pro-
cessed data were used to make it easier for the network to extract data
features and make predictions. In this work, we experimented with po-
sitional encoding (PE) to understand the order and relative position of
each data point. We also utilized dilated convolution layers (DC) layers
to enhance feature extraction from the signal by expanding the receptive
field, thereby capturing deeper features.

The architecture design aims to leverage the strengths of each
module. First, our implementation employed a feature extractor to cap-
ture shallow features, typically representing localized characteristics
within the sequential patterns of the BCG signal. Second, we used the
GRU [32], which is designed to handle sequential data. This model

is particularly effective for processing time-series data by maintain-
ing the hidden state that is updated step-by-step, thereby modeling
short-term temporal dependencies. Last but not least, we integrated
GRU with MHSA, a core component of the Transformer architecture
[33], which has been widely utilized in different fields such as ma-
chine translation, text generation, or vision tasks [34-36]. By focusing
on different parts of the temporal sequence, this approach enhances
the model’s capability to capture long-range dependencies and global
contextual relationships that CNNs or RNNs often struggle to represent
efficiently.

Unlike prior works that typically rely on CNNs or conventional re-
current models, our method introduces a novel integration of GRU with
MHSA. The GRU component is effective in modeling short-term tem-
poral dependencies in BCG signals, while MHSA allows the network to
capture long-range dependencies and global contextual patterns across
the sequence. This design strengthens the model’s ability to represent
complex signals like BCG beyond what either GRU or CNN alone can
achieve.
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Moreover, instead of training separate models for HR, RR estimation,
activity recognition, and posture classification, we adopted a multi-task
learning framework with shared backbone representation. Unlike con-
ventional approaches that often require training separate models for
each task, our H3R-AGRU network unifies HR, RR estimation, activity
recognition, and posture classification within a single framework. This
multi-task design eliminates the need for multiple task-specific models,
thereby reducing redundancy and enabling efficient deployment while
maintaining strong performance across all tasks.

3.2.1. Feature extraction block

The first block in our architecture is used for feature extraction,
which is designed to process input data by identifying relevant features
through multiple neural network layers, as detailed in Fig. 7(b). Initially,
the filtered data undergoes processing via a dilated (atrous) convolution
layer, which enables the network to capture multi-scale information by
increasing the receptive field while preserving the input resolution [37].
This layer is followed by batch normalization, which standardizes the
input distribution to each layer, thereby accelerating convergence and
improving training stability.

A Leaky ReLU activation function was employed to introduce non-
linearity while preventing the dying ReLU problem mentioned in [38].
Then, an average pooling layer was applied to reduce the feature di-
mension, which has a pool size of 0.3. Additionally, a dropout layer was
incorporated to randomly deactivate a fraction of the neurons during
training, mitigating the risk of overfitting. Our model includes two fea-
ture extraction blocks to extract more important information from the
BCG signal. The output from this stage was subsequently fed into a gated
recurrent unit GRU for temporal feature modeling.

3.2.2. Gated recurrent network block

In sequence-based computation, RNNs are commonly utilized due to
their ability to process sequential data effectively [39-41]. However,
RNNs often encounter the vanishing gradient problem when handling
long data sequences, which limits their capacity to capture long-term de-
pendencies [31]. LSTM and GRU address this limitation through gating
mechanisms [42]. In our study, the BCG signal was used as the training
data, which has a simple structure. Therefore, we considered GRU due
to its fewer parameters and shorter training time compared to LSTM,
while still maintaining effective performance.

GRU is structured by cells, with each cell being the unit responsible
for processing one time step in BCG data. The schematic of each cell
architecture in this model is shown in Fig. 7(d). This module uses two
gates, including the reset gate and the update gate. The reset gate in the
GRU architecture determines how much of the previous hidden state
should be forgotten. This gate allows the model to retain the important
features and decide which features from the past should be ignored. The
formula for the reset gate at time step t is described by the following
equation:

r,=cW.x,+U.h,_ +b,) (€]

where r, represents the reset gate at ¢, o represents the sigmoid function,
b, is the bias vector of the reset gate, W, and x, represent the weight
matrix and input of the reset gate at t, while U, and h,_, are from the
previous hidden state.

In contrast, the update gate plays a role in controlling the state in the
previous sequence and deciding the number of previous hidden states
needed to carry to the next step. This gate helps the model retain impor-
tant information for long-term dependencies, which is described by the
following equation:

z,=0(W_,x, +U_h,_| +b,) 2

From the update gate and reset gate, we can derive the candidate’s
hidden state and the final hidden state, which are summarized by the
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following equations:

h, = tanh(Wyx, + Uy(r, © hy_;) + by) &)

h=(01-2z)0h_ +2z0h, 4

where h, and h, represent the candidate and final hidden states, W),
represents the learned weights of the candidate data. In this study, we
utilized 64 hidden states for this model, which has a simpler struc-
ture than Long Short-Term Memory (LSTM) and is suitable for normal
sequence dependency tasks.

3.2.3. Multi-head self attention block

We considered MHSA as a powerful mechanism, providing insights
into the relationships between elements in a sequence. By updating
attention weights, the capability of this model enhances the inter-
pretability and learning efficiency of our model compared to standalone
GRU [43]. Our implementation integrated a multi-head self-attention
mechanism following the output of a GRU. The schematic architecture
of this block is shown in Fig. 7(c).

The structure of each attention head utilizes three elements (tokens)
of the input embedding: Query (Q), Key (K) and Value (V). These ele-
ments are created from the input embedding by multiplying them with
weight matrices. This mechanism splits query, key and value into h parts
corresponding to the number of heads, which are applied multiple times
in parallel. Thus, the input vectors Q, K and V are linearly transformed
into different subspaces by weight matrices.

0, =ow/ (5)
K, =Kw} (6)
V,=VWp @

where W € Rfmoaedic, Wk € Rémoder*dk and WP € Rémode % represent
the weight matrices of the query, key and value of the ith, head. d,,,4.,
and d, are the dimensions of the input embedding and the queries, and
keys.

In this case, the model pays attention to the relationship among dif-
ferent modalities from each head. We computed the attention score,
which measures the relationship between queries Q; and keys K;. The
measurement is described by the dot product, which can show how much
attention the query pays to the relative key:

score(Q;, K) = Q; - K ®

After that, the dot product is divided by +/d, to help stabilize gra-
dients. Then we apply a softmax function for each head to obtain the
weights on the values:

0, KT
A;(Q;, K;) = softmax — |V 9)
Vg
Last but not least, each attention output from each head is concate-
nated and projected again:

MultiHead(Q, K, V') = Concat(Ay, ... ,Ah)WO (10)

where WO g R#dvxmodel represents the weight matrix for the output pro-
jection. In this study, we utilized 4 = 8 attention heads. Moreover, we
also added positional encoding (PE) to the input embeddings. We used
sine and cosine functions to provide information on the relative position
of elements.

Through the above block processes, we implemented two fully
connected layers for multi-task learning with a dual-head setup. It’s
designed with two distinct output heads: a regression head and a clas-
sification head. The regression head consists of two output nodes, pre-
dicting continuous values for HR and RR. Meanwhile, the classification
head consists of eleven output nodes as a flat classifier. This head
assigns eleven target classes with three activities and eight postures,
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Algorithm 1 Training process.

Input: dataset X, number of epoch T, patience P

Output: Trained model parameters

1: Initialize best,,;, < inf, counter « 0, i < 0

2: Training loop, calculate the loss between reconstructed data and input
data

while i < T do

Load minibatch x « X, y <« Y

Compute model outputs

if y == “In-bed” then

| Compute regression loss L, by Eq. (11)
else

‘ L <0
end
Compute classification loss L, by Eq. (12)

Compute total loss L, by Eq. (14)
Update model parameters through gradient descent
if £,,,, < best;,, then
total < bEStlass
counter < 0

else

| counter < counter + 1
end
if counter > P then

| break
end
i—i+1
end
return the best model

enabling activity and in-bed posture recognition. These outputs sup-
port the acupuncture point stimulation monitoring, offering meaningful
insights for the physicians as well as the patients.

3.3. Training process

In this study, two main loss functions are utilized: the mean squared
error (MSE) loss and the cross-entropy(CE) loss. The MSE loss is em-
ployed for the regression task, which is defined as follows:

N
1 _—\2
Ly =7 2, (H3R-TBR,) an
i=1

where Heart Rate Respiration Rate-H3R; are the actual ground truth
values (including HR and RR), whereas @,- are the corresponding es-
timated values for the ith data sample. For the recognition task, the CE
loss is used, defined as:

C
Y AP, log AP, (12)

1e=

M=

1
Ecls = _N y

i

where AP, . is the one-hot encoded ground truth label of activities/pos-
tures, ﬁi,c is the predicted probability for class ¢, and C is the total
number of classes.

To handle the imbalance across posture classes, a weighted CE loss
was used during training. The weight for each class w, was computed
as:

N

= 13
=Ko 13)

w,

where N is the total number of samples, K is the number of classes, and
n, is the number of samples in class c¢. This weighting scheme assigns
larger weights to minority classes, thereby compensating for their under-
representation in the dataset.

By incorporating weighted loss, the model is encouraged to treat
all posture classes more equally, improving macro-average performance
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metrics. Moreover, the Leave-One-Out Cross-Validation (LOOCV) strat-
egy was utilized to reduce the risk of overfitting further. With LOOCV, in
each iteration, the model is trained on all samples except one, then val-
idated on the held-out sample. Therefore, each patient in the dataset is
used once as a test case. This ensures that the model’s performance accu-
rately reflects its generalizability across different patient demographics
and diverse acupuncture scenarios.

To optimize both tasks jointly in a multitask learning framework, a
weighted combination of the two loss functions was used as the final
training loss:

Liotar = - Ereg +B- Ly (14)

where « and g are the weighting factors to balance the importance of
the estimation and recognition tasks, respectively. To improve HR and
RR prediction accuracy, the study prioritized the estimation task using
a=2and g =1.

We employed a multi-task learning framework to train the model,
including regression for HR and RR estimation, activity recognition and
posture recognition. However, HR and RR estimations are only meaning-
ful for the in-bed activity class. This dependency can make our model
overfit to outlier regression values. Therefore, a masking mechanism was
applied to address this issue to exclude invalid regression labels from the
loss computation.

Specifically, the model remains a dual-head multi-task with a shared
feature extractor and two output heads, including a regression head and
a classification head. During training, the regression is always present,
but its contribution to the training loss is set to zero for samples be-
longing to off-bed classes. The detailed training process is presented in
Algorithm 1.

For optimization, we employed the Adam solver [44] and a learning
rate of 107 with the batch size of 32. The model was trained until con-
vergence was achieved with an early stopping patience of 10 epochs.
In this work, the hardware experiments were conducted using an Intel
Core 17-14700KF CPU and an NVIDIA GeForce RTX 4060 Ti GPU. Our
model used Python 3.12 with the PyTorch framework for this work
implementation.

3.4. Evaluation metrics

In this study, several metrics were employed to assess the perfor-
mance of regression for HR and RR estimation tasks, including the mean
absolute error (MAE), the mean absolute percentage error (MAPE), and
R-squared (R%). MAE was employed to quantify the average magnitude
of prediction errors. MAPE was utilized to capture the average absolute
percentage difference between estimated HR, and RR values and the
ground truth, thus providing a normalized error metric that expresses
accuracy relative to the size of the true values. R? evaluates the propor-
tion of variance and captures the relationship between estimated and
actual HR, and RR values. These metrics evaluate model accuracy and
predictive reliability. The formulas for these metrics are as following
equations.

N
MAE = % Y H3R, - F3R,| as)
i=1
1 ¥ [H3R, - H3R,|
MAPE= + 3 T 16)
N 4 [H3R, |

=1

— 2
>N (H3R, - H3R,)

RZ=1- a7n

N 2
>N (H3R, - H3R)

where H3R represents HR and RR actual values, H3R and H3R represent
the estimated and mean of the actual ones.

For the recognition task, we utilized the evaluation metrics, which
are different from the HR, and RR estimation tasks. They consist of accu-
racy, precision, recall, specificity, and F1-score. These metrics assess the
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Table 1
Comparison of model performance.

Computers in Biology and Medicine 203 (2026) 111461

Model Feature extraction Regression metrics Classification metrics
Without dilated Dilated MAE MAPE R? Accuracy Precision Recall F1-Score
(bpm/brpm) (%) (%) %) (%) (%) (%)
H3R-LSTM v - 1.06 3.65 99.65 78.32 82.11 80.91 81.08
H3R-GRU v - 0.97 3.24 99.70 85.31 87.26 86.80 86.91
H3R-AGRU v - 0.88 2.93 99.76 95.69 95.71 95.69 95.70
H3R-AGRU - v 0.81 2.53 99.77 97.39 97.74 97.90 97.81
Table 2 Table 3
Complexity and feasibility of H3R-AGRU. HR, RR estimation comparison for each posture.
Metric Performance Postures Vitals MAE MAPE (%) R? (%)
Total of parameters 97,293 Left HR 1.04 (bpm) 1.74 97.06
Memory usage (KB) 896 RR 0.57 (brpm) 3.62 93.30
Mean of inference time (ms) 1.156 Left (10°) HR 0.96 (bpm) 1.46 95.21
RR 0.51 (brpm) 3.40 96.02
Right HR 0.77 (bpm) 1.10 99.25
RR 0.50 (brpm) 2.58 92.81
model’s ability to distinguish the activities and postures. The definitions Right (10°) HR 0.98 (bpm) 1.47 90.65
of these metrics are as follows: RR 0.54 (brpm) 3.23 94.95
Supine HR 0.88 (bpm) 1.34 92.11
Accuracy = APrp + APy 18) RR 0.53 (brpm) 3.24 94.55
AP1p + APy + APpp + APpy Supine (10°) HR 0.80 (bpm) 1.27 95.40
RR 0.56 (brpm) 3.06 96.22
o APTP Prone HR 0.88 (bpm) 1.25 97.86
Precision = ——— (19) RR 0.48 (brpm) 2.74 91.04
APpp + APgp Seated HR 0.81 (bpm) 1.29 97.49
RR 0.43 (brpm) 2.71 94.23
APrp
Recall = ——— (20)
APrp + APpy
F1 = 2 Precision X Recall 21 models share our proposed feature extraction module within their ar-

Precision + Recall
where APyp, APpp represent true activities/postures positive and false
activities/postures positive and APpp, APpy represent false activi-
ties/postures positive and false activities/postures negative.

4. Results
4.1. Network architectures evaluation

In this work, we propose three main base models to observe and com-

chitectures. To evaluate their performance, we design four comparative
experiments as follows:

1. H3R-LSTM: A hybrid LSTM and 1D CNN, combining the temporal
modeling capabilities of LSTM with feature extraction strength of
CNN.

2. H3R-GRU: A hybrid GRU and 1D CNN, combining the temporal
modeling capabilities of GRU with feature extraction strength of

pare with our proposed model, including LSTM, GRU and MHSA. These CNN.
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Fig. 8. Bland-Altman analysis for error assessment across different postures: (a) HR differences: +1.96SD of limits of agreement are +3.14 and —2.90 bpm; (b) RR

differences: +1.96SD of limits of agreement are +1.89 and —1.96 brpm.
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3. H3R-AGRU: A hybrid model of GRU and the MHSA mechanism,
incorporating positional encoding into the multi-head attention
mechanism to better capture temporal dependencies within se-
quences.

4. H3R-AGRU with dilated convolutional layers: A hybrid model of
GRU and the MHSA mechanism, similar to the previous model, but
incorporating dilated convolutional layers to capture multiscale
contextual information, enhancing the receptive field without
significantly increasing the computational cost.

Table 1 presents a comparison of different models, detailing their
performance in terms of MAE, MAPE and R”. As we progressed through
the proposed models, there was a reduction in error metrics, indicat-
ing performance improvements. Specifically, our proposed model which
utilizes a GRU backbone combined with MHSA and dilated convolu-
tions, achieved the best regression result with an MAE of 0.81 beats
per minute, an MAPE of 2.53%, and R? of 99.77%. Additionally, the
classification results also show good performance with an accuracy of
97.39%, precision of 97.74%, recall of 97.90% and F1-score of 97.81%,
respectively. The H3R-LSTM model achieved an MAE of 1.06 bpm/brpm
and, an activity recognition accuracy of 78.32%. The H3R-GRU model
slightly improved these results, obtaining an MAE of 0.97 bpm/brpm
and an accuracy of 85.31%. These results demonstrate a clear improve-
ment compared with classical RNN-based models such as LSTM and
GRU, confirming the effectiveness of the proposed architecture.

These results suggest that the hybrid architecture incorporating both
GRU and MHSA offers the highest level of accuracy. This performance
is attributed to the strengths of both components: GRU excels at han-
dling sequential data by efficiently capturing temporal dependencies,
while MHSA focuses on capturing long-range dependencies and global
interactions across time steps. The inclusion of MHSA enables the model
to gain the ability to weigh the significance of various time steps, en-
hancing its ability to identify relevant patterns within the sequence. The
performances of H3R-LSTM and H3R-GRU models demonstrated that
omitting the MHSA mechanism leads to the significant reduction in clas-
sification accuracy. The use of dilated convolutions in this model further
improves the model’s capacity to process information over longer tempo-
ral contexts, contributing to its superior performance. This combination
of techniques underscores the model’s generalization, making it suited
for complex time-series predictions.

To assess the feasibility of real-time deployment, we evaluated the
computational efficiency of the proposed model. Table 2 summarizes
its complexity in terms of the number of trainable parameters, mem-
ory footprint, and inference latency. Specifically, the model comprises
97,293 parameters, requiring 896 KB of memory. With a 10-second win-
dow and 80% overlap, the effective decision interval is 2 s, while the
measured end-to-end latency is 1.156 ms per input sample. These results
demonstrate that the proposed model achieves suitable computational
execution, indicating its suitability for real-time applications.

4.2. Heart rate and respiration rate estimations

To further observe the evaluation of our proposed model, we de-
ployed our system with four participants with random postures and
activities for 30 min for each subject. These participants were ex-
cluded from the training and validation sets, providing a fully subject-
independent evaluation. The trained model was converted into the Open
Neural Network Exchange (ONNX) runtime using the PyTorch export
utility on an external PC. This conversion enabled efficient inference and
facilitated deployment on a PC for real-time evaluation. Fig. 8 shows
Bland-Altman plots of the prediction results for HR and RR from the
testing data, visualizing the predicted values against the actual val-
ues relative to their mean, thereby providing an overview of prediction
accuracy and bias. Both of these plots indicate the error is mostly con-
centrated around zero, indicating a good prediction performance with
some variability as indicated by the 95% limits of agreement (+1.96 SD)
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[45] in +3.41 bpm and —2.90 bpm for HR values. A similar pattern is
observed for RR which also has acceptable performance with +1.96 SD
in +1.89 brpm and —1.96 brpm. These results demonstrate that our pro-
posed system efficiently predicts HR and RR, achieving an error within
+5 bpm for HR values, as per the standard set by the Association for the
Advancement of Medical Instrumentation (AAMI) [46], and +3 brpm for
RR values as a clinically acceptable error [47,48].

We summarized the performance of each scenario in Table 3. This
data indicates that prediction performance varies depending on the body
posture, which is attributed to variations in sensor accessibility rela-
tive to the body. The results indicate that the error metrics have small
differences among postures. For HR estimation, the maximum MAE
is 1.04 bpm, the maximum MAPE is 1.74%, and the minimum R? is
90.65%. Similarly, for RR estimation, the maximum MAE is 0.57 brpm,
the maximum MAPE is 3.62%, and the minimum R? is 93.30%. These
conditions are more difficult for conventional approaches. H3R-AGRU
shows that the integration of GRU with MHSA enables the model to bet-
ter capture long-range dependencies, which leads to improvements in
recognition accuracy. In particular, when compared to single-task base-
lines, the multi-task framework achieves robustness in harder scenarios
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Table 4
Comparison with previous works on BCG signals using deep learning.

Study Deep learning method BCG-based sensor type Detection task Performance Metrics

[20] Bi-LSTM Optical fiber HR Mean NN of 0.1 ms, SDNN of 0.9 ms, r-MSSD of 1.7 ms
and pNN50 of 1.3%

[26] CNN Mm-wave Radar HR Correlation coefficient of 98.73% and RMSE of 20.69 ms

[271 Bi-LSTM Piezoelectric HR Heart rate monitoring solution with average estimation
error less than 1 bpm

[28] CNN-LSTM PVDF HR MAE of 0.2517, RMSE of 0.3395 and R? of 0.9863

[30]1 SVM and KNN PVDF Sleep stage Average accuracy of 69%, 88.2% of recall for NREM stage

[49] UNet-BiLSTM Piezoelectric HR Minimum of mean absolute interval error is 8.69 ms and
standard error of 6.39 ms from different postures

[50] Conv-Transformer Piezoelectric ceramic HR MAE of 0.93 bpm, SDAE of 1.31 bpm and PCC 0.97

[51] BCGNET Optical fiber HR, RR Accuracy of 91.43% for combined prediction

[52] Bi-LSTM Optical fiber HR HR accuracy of 98.68% and RMAE of 1.37 bpm with
98.85% coverage

[53] Hidden Markov IMU HR, RR HR estimation error: 2.33%. RR estimation error: 2.52%

[54] Hyp-Net Pressure sensor Hypertension The accuracy of 97.65% with Gabor transform technique

Our proposed H3R-AGRU PVDF HR, RR, activities & Our proposed model achieved MAE of 0.81

system postures bpm/brpm, MAPE of 2.53% and R* of 99.77% for

both HR, RR prediction. Its activities/postures
classification accuracy of 97.39%

such as under tilted postures. These results demonstrate that the system
maintains stable good performance and ensures comprehensive accuracy
across all patient postures or tilt angles of the mattress.

4.3. Activity and in-off-bed recognitions

In this work, we continue to recognize common activities in

These results indicate the ability of our proposed model to detect
noise activity during acupuncture point stimulation, as well as the in-bed
posture providing important data on the level for activity of differ-
ent posture treatments. These advances contribute to the development
of acupuncture point stimulation monitoring systems in healthcare,
benefiting treatment and improving the patient experience.

acupuncture including movement, talking, off-bed and in-bed on four
participants mentioned in Section 4.2. We also recognized the in-bed
posture including left, left (10°), right, right (10°), supine, supine
(10°), prone, and seated. The confusion matrices of these tasks are pre-
sented in Figs. 9 and 10. Specifically, the activity classification head
demonstrates high performance with an average accuracy of 98.7%.
Furthermore, posture classification achieved an average accuracy of
97.6%.

11

4.4. Evaluation in different sensor positions

This section presents an observation of four postures, including
supine, left lateral, right lateral, and prone with the four mentioned par-
ticipants to evaluate our proposed model on different sensor locations.
The performance metrics are summarized in Fig. 11. The performance
of our proposed model remains robust, despite the case of a 15 cm devi-
ation in position. Notably, the maximum deviation median error for HR
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is 0.12 bpm in the prone scenario, while the maximum deviation median
error is 0.09 brpm for RR in the supine scenario. These results highlight
our model’s capacity to adapt to different sensor locations without sig-
nificant compromise in error. Furthermore, the consistent performance
across postures suggests that the sensor location is also adaptive across
scenarios. These characteristics make H3R-AGRU a robust approach for
monitoring in acupuncture point stimulation as well as in healthcare,
sports analytics or rehabilitation systems.

5. Discussion and conclusion

This section aims to illustrate the contributions of the proposed
model to the overall results. A comparison of various studies on BCG
signals using deep learning is summarized in Table 4. These studies uti-
lized the wide applicability of diverse sensors, including piezoelectric
[27,49,50], optical fiber [20,51,52], accelerometer [53], pressure sen-
sors [54], and mm-wave radar [26]. However, as mentioned in Section 1,
the use of these sensors faces certain limitations. Our study focuses on
the PVDF film sensor, which can be easily placed under a mattress
without causing discomfort to the patient. Notably, previous research
utilizing PVDF [28,30] focused on single-task scenarios, whereas our
findings demonstrate the robust performance of H3R-AGRU.

Numerous studies have demonstrated the efficacy of recurrent mod-
els in analyzing BCG signals, with Bi-LSTM or LSTM being the pre-
dominant choices [20,27,49,51,52]. Other methods have used Markov
models [53] or CNN [26,54] to extract features. While these ap-
proaches capture temporal dynamics, they are primarily tailored for
short-duration sequences. Notably, Zhang et al. [50] introduced a ro-
bust Transformer-based model. However, the architecture of this study
did not exploit the combination of the MHSA and recurrent layers. In
contrast, our proposed model yields results that emphasize integrating
efficacy of the GRU with MHA, achieving an MAE of 0.81 bpm/brpm a
MAPE of 2.53% and an R? of 99.77% for HR and RR predictions. This
approach highlights the effectiveness of GRU in capturing sequential
dependencies while enhancing key features of the BCG signal through
attention mechanisms.

Deep learning models have also been successfully applied to various
tasks related to BCG signal analysis, including HR and RR predic-
tion [27,50,51,53], heartbeat detection [20,26,49,52], and hypertension
detection [54]. While these approaches have demonstrated strong per-
formance, they are typically designed for single-task processing. To
advance the state-of-the-art in BCG signal analysis, we extended beyond
HR and RR prediction and also performed activity and posture recogni-
tion. The proposed system achieves an overall classification accuracy of
97.39% on estimation tasks for HR and RR. These results highlight the
model’s potential for multi-task learning, demonstrating its applicability
in comprehensive acupuncture monitoring.

The study proposed a novel approach for wireless, non-contact vital
signs monitoring in the acupuncture system by leveraging BCG analysis
and deep learning techniques. Our work found that the development of
SBS facilitates seamless BCG signal capturing and contributes to accurate
and reliable data. The system enables accurate HR and RR estimation,
along with activity and posture classification across various sensor place-
ments. This approach highlights the potential of the proposed hybrid
H3R-AGRU model in multi-task learning for BCG signals. In addition, the
proposed system advances existing non-contact monitoring technologies
by reducing the need for multiple sensors or models. The use of SBS
ensures robust signal acquisition even under varied postures and activ-
ities, thus improving real-world practicality. However, during testing,
we observed performance degradation under two conditions: extreme
participant motion or accidental bumping of the bed, both of which
introduced artifacts that compromised estimation accuracy.

While our proposed system employed dual-channel BCG sensing, we
acknowledge that integration with other modalities could be further
explored. The PVDF-based BCG sensor can be combined with accelerom-
eter and gyroscope sensors to enable multimodal data fusion. In the
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proposed SBS system, local computation is performed on a computer
while essential results are synchronized with a secure cloud server to
support remote monitoring. Future deployments are planned to inte-
grate on-device encryption and low-rate data transmission to specifically
address privacy and latency in telemedicine-based remote healthcare
settings. Moving forward, further research and development of this ap-
proach could lead to enhanced vital sign monitoring techniques and
improve robustness in the real world or ambulatory settings.

Although our system demonstrated high performance in various eval-
uation scenarios, this work represents a study conducted without actual
stimulation or acupuncture needles. In real clinical settings, needle-
induced physiological changes may affect the stability of BCG and other
signals, and thus warrant further validation. Future work will involve
collecting and analyzing comprehensive data for practical acupuncture
processes, including before, during, and after acupuncture. The partici-
pant pool also consisted primarily of young male subjects, which limits
the generalizability of the findings. Therefore, further study should in-
volve a more diverse and balanced demographic distribution, including
ages, sexes, and patients with relevant health conditions.

In addition, we plan to conduct experiments on the chair to expand
the applications of our SBS device for other treatments or therapies.
While embedded inference was not applied in this study, future on-
chip integration could enable real-time, low-power, and reliable wireless
vital sign monitoring. Potential clinical applications of non-contact
BCG-based monitoring systems include monitoring of frail, elderly, or
immobilized patients, as well as sleep assessments. Non-contact BCG
acquisition facilitates continuous monitoring of cardiac activity while
ensuring optimal comfort for the patients.
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