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Abstract: Pulse signals carry comprehensive information regarding human cardiovascular physiology
and pathology, providing a noninvasive and continuous method to assess cardiovascular health
status in blood pressure monitoring. The blood pressure measurement method based on the pulse
signal needs to extract the features of the single-cycle pulse signal, while the pulse signal pertains to
the weak physiological signal of body surface. The acquisition process is susceptible to various factors
leading to abnormal cycles, especially adjacent channel interference, affecting the subsequent feature
extraction. To address this problem, this paper conducts an analysis of the formation mechanism of
adjacent channel interference and proposes a single-cycle pulse signal recognition algorithm based on
a one-dimensional deep convolutional neural network (1D-CNN) model. Radial pulse signals were
collected from 150 subjects by pulse bracelet, and a dataset comprising 3446 single-cycle signals was
extracted in total after denoising, single-cycle segmentation, and standardized preprocessing. The 1D-
CNN model is trained to classify input signals into three categories: effective pulse signals, distortion,
and interference signals. This classification is achieved by evaluating the waveform morphology
of the signals within a single cycle. The results show that the overall classification accuracy of the
algorithm on the test set is 98.26%, in which the classification accuracy of pulse waves is 99.8%,
indicating that it can effectively recognize single-cycle pulse waves, which lays the foundation for
subsequent continuous blood pressure measurement.

Keywords: single-cycle pulse signal; 1D-CNN; adjacent channel interference

1. Introduction

Pulse waves carry comprehensive information regarding the human cardiovascular
system, which is an essential indicator of cardiac and vascular function and plays a key role
in blood pressure monitoring [1–3]. Additionally, when coupled with electrocardiogram
(ECG) signals, pulse waves serve as auxiliary tools for detecting heart diseases, such as
the added role of the aortic pulse wave velocity (PWV) index in the prediction of coronary
heart disease (CHD) risk [4–6]. In recent years, researchers in the fields of traditional
Chinese medicine (TCM) diagnosis and hemodynamics have successfully utilized the
information contained in single-cycle pulse waves to assess patients’ cardiovascular health
status, such as heart rhythm, cardiac output, vascular elasticity, and so on [7–10]. Modern
blood pressure measurement techniques are evolving in three directions: noninvasive,
continuous, and precise. The pulse wave is relatively easy to obtain and can meet the
requirements of non-invasiveness and continuity. Pulse wave characteristic parameters,
holding physiological significance, facilitate the extraction of hemodynamic parameters
to reflect cardiovascular function [11,12] and enable a more accurate estimation of blood
pressure through modeling analysis. Consequently, there has been extensive exploration
by researchers into blood pressure measurement methods leveraging pulse signals, with
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the anticipation of achieving enhanced accuracy [13–16]. Pulse wave-based blood pressure
measurement methods encompass two types: pulse transit time (PTT)-based [17–19] and
morphology-centric approaches [20–22]. PTT-based methods involve the utilization of two
pulse signals obtained at different locations along with the extraction of peak points within
the same cycle of these signals. This facilitates the calculation of the transit time between
these peaks, which is closely related to blood pressure variations. On the other hand,
morphology-centric approaches primarily rely on analyzing the temporal and frequency
domains, primarily within a single cycle of the pulse wave. They both necessitate feature
analysis with the help of single-cycle pulse signals. Meanwhile, the single-cycle pulse
wave reflecting the cardiac cycle can also serve as fertile ground for heart disease detection
methods. In practical scenarios, the pulse wave signal collected tends to be in its entirety,
comprising multiple cycles. Hence, it is crucial to segment the entire pulse signal into
numerous intact single-cycle signals.

Usually, the pulse wave is a quasi-periodic signal [23]. Although the pulse signal
is relatively convenient to acquire compared with other physiological signals, the pulse
signal belongs to weak physiological signals on the body surface. It is easily affected
by the acquisition environment, human motion [24], the equipment [8], and the inherent
defects of the current cycle segmentation method [25], so it often contains a large amount of
distortion and interference, which results in abnormal cycles. Adjacent channel interference
is one of the leading causes of severe deviation of pulse signals. The interference primarily
arises from the physical connection between the sensor and the wristband. Additionally,
the sensor’s acquisition position may slightly deviate from the pulse’s pulsation point.
During successive acquisitions, the dynamic force on the sensor is forced to change because
of the passive displacement caused by the upward and downward movement of the
vascular beating wristband. Kaisti et al. [26] designed a wearable multichannel pulse
wave acquisition device. A stiff framework connects the three sensors directly. One
sensor will generate radial vibration that compels the flexible wristband to move in a
compliant manner when it comes into contact with the radial artery’s pulse point. This
structural passive displacement will change the original pressure on the rest of the sensors,
resulting in a disturbed pulse signal. Wang et al. [27] designed a multichannel pulse
detection system based on a flexible array sensor with a specialized pulse transducer made
of silicone. Interference signals are produced when an air pump applies static pressure,
causing a transducer to move because of the vessel’s vibration. This causes the balloon
on the transducer to distort, forcing the neighboring transducer to move as well. The
aforementioned issues typically arise with pressure sensors affixed to the wristband and are
often disregarded. Noise reduction techniques such as wavelet transform [28], independent
components analysis [29], and empirical modal decomposition [30] have been widely used
in pulse signal processing, but they have no apparent advantage or significance for pulse
signals with considerable noise pollution. Therefore, this paper focuses on recognizing the
effective single-cycle pulse wave from the signals acquired by the sensors. More specifically,
the effective single-cycle pulse wave denotes an individual pulse cycle without distortions
caused by severe noise, interference, or external factors, aiming to provide reliable and
accurate data for blood pressure assessment.

Currently, the methods for recognizing pulse signals are mainly divided into tradi-
tional and machine-learning-based detection. Traditional detection mainly relies on the
time series of pulse signals. The early approach involved excluding waveform outliers that
were either excessively long or short [31]. Nevertheless, this approach fails to detect outliers
with standard length. Krishnan et al. [32] proposed a method based on a motion-detection
algorithm to recognize interfering data, extracting time-frequency domain features for
comparative analysis under different signal qualities. Huang et al. [33] used convolutional
neural networks to identify the interference signal in the entire pulse wave and achieved
99.3% accuracy. However, segmentation errors could not be identified, as the method was
applied to the entire pulse sequence rather than a single-cycle signal. To sum up, in terms
of applications, current research predominantly focuses on the recognition of interference
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under the entire pulse wave [33] and the recognition of various types of single-cycle pulse
waves, such as those associated with conditions like hypertension [34] or specific pulse
patterns [35,36]. However, a notable gap exists in recognizing effective pulse waves under
single-cycle signals. In terms of method, the traditional time series approach is more
accurate but more complex; the machine learning approach requires feature extraction as
input first, and the accuracy depends on the relevance of the features.

Therefore, this paper combines the advantages of the above two methods and proposes
a single-cycle pulse signal recognition model based on 1D-CNN. The algorithm directly
uses waveform morphology as input, which can effectively identify the single-cycle pulse
signal with high recognition accuracy and low complexity. Figure 1 depicts the block
diagram of the proposed methodology in this paper, encompassing the following key steps:

• Mechanism analysis: analyze the noise sources, investigate interference formation mech-
anisms, and build a structural mechanics model to illustrate the phenomenon better.

• Data preparation: collect and preprocess data and label the waveforms.
• Model design: partition the dataset, set parameters, and optimize the model.
• Proposed structure: test and evaluate the model; analyze the final results.
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Figure 1. The block diagram of the proposed methodology.

These blocks will be elaborated in the following sections. Adjacent channel interference
signals are hereinafter referred to as interference signals.

2. Materials and Methods
2.1. Data Acquisition
2.1.1. Data Acquisition Device

Figure 2a describes the pulse bracelet developed by our laboratory for collecting
pulse data, and the real product is shown in Figure 2b. The device uses a composite
pressure sensor structure consisting of a piezoelectric sensor and a piezoresistive sensor,
which measures the dynamic pressure of the pulse wave and the static pressure when the
wristband is tight to the wrist. The sensor’s bending structure fits the wrist’s arc, ensuring
signal strength and weakening the occurrence of reversed waveforms. A polyurethane
sponge is attached to the sensor as a vibration-absorbing material to reduce the effects of
mechanical vibrations transmitted by the wristband and to physically weaken adjacent
channel interference. The pulse bracelet currently utilizes USB connectivity at a baud rate
of 115,200 for real-time transmission, display, and storage of pulse data in the LabVIEW
supervisory program, and its sampling frequency is 225 Hz. The raw data obtained
are shown in Figure 2c, with the x-axis representing the sampling time and the y-axis
representing the amplitude of the pulse signal.
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Figure 2. Data acquisition device and raw signal: (a) Pulse bracelet; (b) Real product; (c) Raw pulse
signal under the same static stress.

2.1.2. Data Source

The data gathering process involved 150 volunteers from the laboratory team, con-
sisting of 86 male individuals and 64 female subjects. Table 1 displays the fundamental
physiological parameters of the subjects. The specific inclusion criteria for the subjects are
outlined below:

(1) Cardiovascular health, no cardiovascular-related diseases;
(2) In good physical condition, without acute illness;
(3) No recent medications affecting heart rate or vascular tone.

Table 1. Basic physiological parameters of the subjects.

Characteristic (Unit) Number or Mean ± SD

Number (n) 150
Age (year) 31.6 ± 8.9

Weight (kg) 66.1 ± 16.4
BMI (kg/m2) 22.3 ± 4.3

BP-Systolic (mmHg) 116.2 ± 15.6
BP-Diastolic (mmHg) 72.8 ± 9.6

T-Body (◦C) 36.5 ± 0.4
T-Ambient (◦C) 23.5 ± 1.4

HR (times/minute) 74.5 ± 13.2

2.1.3. Formation Mechanism of Adjacent Channel Interference

The sensor profile close to the wrist during pulse signal acquisition is shown in
Figure 3a. The output signal amplitude of the piezoelectric sensor is directly proportional
to the deformation of piezoelectric materials. As the amount of mechanical deformation
increases, the output signal value of the piezoelectric sensor increases. During pulse wave
acquisition, the sensor may not be aligned with the vibration point, and the wristband is
influenced by the blood vessel fluctuation to vibrate up and down, resulting in passive
displacement of the sensor due to the connected structure. The sensor that was forced to
vibrate did not receive the pulse signal but generated an interference signal because of the
connection. The interference signal will overlay the original signal obtained by the sensor,
thereby reducing the signal quality.
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Figure 3. Adjacent channel interference mechanism and waveform phase diagram: (a) Profile of
the sensor close to the wrist; (b) Profile of the wristband deformation under the vibration source;
(c) The interference signal and pulse signal have the same period and opposite amplitude fluctuation;
(d) The phase difference between the vibration source and the sensor’s output signal after 12th
harmonic decomposition.

The structural model is constructed using a single-point vibration signal generator and
a single sensor to better illustrate the occurrence of adjacent channel interference from a
mechanical perspective, as depicted in Figure 3b. When the vibration point moves upward,
the wristband in this position is propelled upwards by the supporting force, causing an
increase in deformation. Because of the connected compliance structure, the sensor is
forced to follow the upward movement. The original deformation of the sensor gradually
decreases, and the output voltage value decreases. When the displacement of the wristband
reaches its maximum, the sensor’s output value decreases to its minimum value. As the
vibration point descends, the strain pressure on the wristband diminishes, resulting in a
decrease in displacement. Conversely, the sensor’s output signal value increases. The inter-
ference and pulse signals show the same period, and the amplitude fluctuation is opposite
in waveform morphology, as shown in Figure 3c. The 12th harmonic decomposition of
the signals is performed, and the Fourier transform is applied to calculate the phase differ-
ence in each harmonic component of the two signals, as shown in Figure 3d. The phase
difference between the vibration point and the sensor’s output signal is approximated to
be 180 degrees for the main harmonic components. Because of the attenuation of the signal
in the transmission process, the intensity of the interference signal is lower than that of the
vibration source. This attenuation phenomenon is more evident with the increase in the
deviation distance.

2.2. Data Preprocessing

The preprocessing of the pulse signal is mainly composed of three parts: denoising,
period division, and standardization. Figure 4 illustrates the complete preprocessing
flowchart. The main components of noise that can be removed by preprocessing are random
noise, baseline drift, and 50 Hz power line interference. First, the median filter is used to
remove transients occurring in the data, and the notch filter is used to remove 50 Hz power
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line interference. It is challenging to eliminate random noise based on frequency filtering,
since its distribution is over the whole frequency range. Therefore, wavelet transform is
applied to reduce the random noise. Daubechies’ wavelet is selected as the wavelet basis to
optimize wavelet coefficients, and the original signal is decomposed into four layers. The
soft threshold processing of wavelet coefficients obtained by decomposition is applied to
reconstruct each layer’s signal, effectively reducing the random noise energy. Baseline drift
partly arises due to the subject breathing, causing a relative shift in the pulse wave. Trough
points obtained from the valley-finding algorithm are fitted as the baseline by cubic spline
interpolation. Finally, subtracting this baseline from the signal eliminates the baseline drift
of the pulse wave.
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Figure 4. Raw pulse signal preprocessing process.

The adaptive peak-finding algorithm based on dynamic interval threshold segmen-
tation realizes the peak recognition of pulse waves, which serves as the basis of period
division. First, the location of the local maximum after differencing is selected as the peak
point. Secondly, the peak points are iteratively screened by setting a threshold from the
perspective of dynamic time intervals. The lowest point between two peaks is identified as
the trough, and single cycle division is achieved by starting with this trough and ending
with the next trough. Pulse wave sequence segments with cycle segmentation points are
shown in Figure 5a, where there are slight fluctuations in the pulse wave at the beginning
or end of each cycle, which may lead to incorrect cycle segmentation of the pulse wave.
Figure 5b depicts the cycle segmentation of the interference wave. As the acquisition
process is easily affected, it leads to severe waveform distortion, as shown in Figure 5c.
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Figure 5. Waveform sequence segment with cycle segmentation points: (a) Pulse signal with cycle
segmentation points; (b) Interference signal with cycle segmentation points; (c) Distortion with cycle
segmentation points.

The amplitude and length of the single-cycle signals differ from each other. The
data are standardized to reduce the impact on the classification and to make the classifier
perform from the perspective of waveform morphology. For signal length, cubic spline
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interpolation is applied to resample the segments to unify their lengths to the same length
as shown in Equation (1):

Si(x) = ai + bi(x − xi) + ci(x − xi)
2 + di(x − xi)

3, i = 0, 1, 2 . . . 255 (1)

The curves between each pair of sampling points are defined by cubic function, where
xi represents the sampling point, and ai, bi, ci, di represent the coefficients of different
orders of each segment, respectively. The sampling frequency of the instrument is 225 Hz,
and the normal cardiac cycle is 0.6~1 s. Therefore, to ensure that a complete pulse wave
cycle is included, the signal length is uniformly upsampled to 256 sampling points, which
is approximately 1.14 s. For the amplitude of the signal, zero-mean normalization is applied
as shown in Equation (2):

x(i)∗ =
x − µ

σ
σ2 =

1
m

m

∑
i=1

(
x(i) − µ

)2
µ =

1
m

m

∑
i=1

x(i) (2)

where x(i) represents each sample, µ represents the mean of all samples, σ represents
the standard deviation of all samples, and x(i)∗ represents each normalized sample. The
standardized single-cycle signals are manually labeled, the distortion is labeled as 0, the
pulse signal is labeled as 1, and the interference signal is labeled as 2. The symbolic single-
period pulse wave, interference, and distortion waveforms are presented in Figure 6a–f.
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Figure 6. Standardized single-cycle signal: (a) Pulse signal; (b) Interference signal; (c) Waveforms
with segmentation error are classified as distortion; (d–f) Waveforms with severe jitter are classified
as distortion.

After pulse wave acquisition and waveform preprocessing, a total of 3446 single-
cycle waveforms were collected. Table 2 shows the dataset partitioning used for training,
validation, and testing and the number of their corresponding categories. The validation set
is used for model selection and hyperparameter tuning, and the test set is used to observe
the results of unbiased network estimation.
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Table 2. Dataset partitioning.

Dataset Training Set Validation Set Test Set

Proportion (%) 100 70 15 15
Number 3446 2412 517 517

Category 0 803 575 117 111
Category 1 1560 1106 218 236
Category 2 1083 750 172 161

Length 256

2.3. 1D-CNN Model Construction
2.3.1. Model Selection

Pulse signals, being time-series data [37], are processed as one-dimensional signals in
pulse signal recognition. Recurrent neural networks (RNNs) and long-short-term memory
(LSTM) are commonly employed to capture long-term dependencies in data. However,
when it comes to classification tasks that do not have temporal dependencies, their ability
to capture morphologically critical features is no better than convolutional neural networks.
The 1D-CNN automatically learns global structural patterns and feature information based
on convolution operation. It is capable of extracting local features on subtle temporal
variations from signal data with temporal components, so it is chosen as a model framework
for single-cycle pulse recognition in this study.

The 1D-CNN model structure is shown in Figure 7. This study’s output results are
classified into three categories: 0 is distortion and segmentation error, 1 is pulse signal, and
2 is interference signal. The experimental software and hardware development environment
is based on Python 3.10.12, PyTorch 2.1.0 with CUDA support, and an NVIDIA GTX 1660Ti
GPU. The essential libraries to install include Torch and Sklearn. This experiment has
employed Anaconda and created a dedicated virtual environment, thereby mitigating
potential conflicts from other projects. Algorithm 1 presents an example of the 1D-CNN
algorithm pseudocode in the PyTorch framework.
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Algorithm 1. The 1D-CNN pseudocode in the PyTorch framework

Input: data, hyperparameters
Output: Predictions, Evaluations
Process:
Phase 1—design model

1 PulseModel = Sequential()
2 For layer in Conv Layers
3 model.add (Conv1d(in_channels, out_channels, kernel, padding))
4 model.add (Activation = ‘ReLu ’)
5 model.add (MaxPool1d(kernel, stride))
6 model.add (Flatten ())
7 model.add (Linear(in_features, out_features))
8 model.add (Activation = ‘ReLu’)
9 model.add (Linear(in_features, out_features))
Phase 2—model instantiation
10 model= PulseModel().to(DEVICE)
11 criterion =CrossEntropyLoss()
12 optimizer = Adam(model.parameters, learning_rate = 0.003, decay = 0.5

Phase 3—train
13 For epoch in range(Epoches)
14 model.train()
15 For (inputs,labels) in train_loader
16 outputs = model(inputs)
17 loss = criterion(outputs, labels)
18 optimizer.zero_grad()
19 loss.backward()
20 optimizer.step()
21 If epoch_loss < patience_loss:
22 break
23 return train_model

Phase 4—test
24 model.test(train_model, test_loader)
25 return Predictions, Evaluations

In this study, we predefine key hyperparameters and optimization strategies for the
1D-CNN model to expedite network learning. Given that the task involves multi-class
classification, we consistently opt for the cross-entropy loss as the fixed loss function.
The remaining parameters are primarily tuned through a grid search approach, with the
chosen values representing the optimal performance configuration, as depicted in Table 3.
Instead of computing the gradient on the entire dataset (batch gradient descent) or just
a single sample (stochastic gradient descent), mini-batch gradient descent processes a
small subset of the data in each iteration. It allows for faster computation of gradients
and weight updates compared to the entire batch while reducing the noise inherent in
stochastic gradient descent. The batch size was varied within the range of 32 to 128 to
assess its impact on model performance. Ultimately, a batch size of 64 (26) was chosen.
Adam [38] was chosen as the optimization algorithm to dynamically adjust the learning rate
according to past gradient information during training. The Softmax function is applied to
the output layer of the model to convert the values of the last layer (zi) into the probability
distribution of classes (pi) so that the most likely classes (ŷ) can be determined based on
the probabilities, as shown in the following Equations:

zi = ∑
j

hjWji (3)

so f tmax(z)i = pi =
ezi

∑n
j=1 ezj

(4)
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ŷ = argmax
i

pi (5)

Table 3. Parameter settings.

Parameter Selected Value Search Range

Batch size 64 32, 64, 128
Kernel 1 × 3 1 × 3, 1 × 5

Pooling size 1 × 2 1 × 2, 1 × 3
Stride 2 1, 2, 3

Loss function Cross-entropy loss None
Optimizer Adam None

Activation function ReLU None

2.3.2. Model Evaluation

This study uses the cross-entropy loss function [39] as an indicator to assess the
completion of network training. When the cross-entropy loss function value is trained
for 30 consecutive times on the validation set and the overall cost is no longer decreasing,
the network is considered to have been trained. Otherwise, the optimization algorithm
continues the backpropagation to train the network parameters. The cross-entropy loss
function is shown in Equation (6):

Loss = −
C−1

∑
i=0

yilog(pi) = −log(pc) (6)

where p = [p0, . . . , pC−1] is a probability distribution where each element pi denotes the
probability that the sample belongs to class i; y = [y0, . . . , yC−1] is the one-hot encoding of
the label, when the sample belongs to class i, yi = 1; otherwise, yi = 0.

The confusion matrix [40] serves as a valuable tool for assessing the performance of a
classifier. The definition of a confusion matrix is as follows: True Positive (TP) represents
correct positive predictions; True Negative (TN) represents correct negative predictions;
False Positive (FP) represents incorrect positive predictions; and False Negative (FN)
represents incorrect negative predictions. It shows the correspondence between the model
prediction results and the actual labels, which can be used to calculate accuracy, precision,
recall (sensitivity), F1 score, and macro-F1. The Receiver Operating Characteristic (ROC)
plots the recall against the (1−Specificity) at different classification thresholds. The Area
Under the Curve (AUC) represents the area under the ROC curve, ranging from 0 to
1. Higher AUC values imply better discrimination ability of the model. In ROC curve
analysis, micro-average is calculated by aggregating all classes’ contributions, thus treating
all instances equally. Macro-average computes the average performance across each class
and then calculates the arithmetic average of all the results. Specifically, these indicators
can be calculated by the following equation:

Accuracyi =
TP + TN

TP + TN + FP + FN
(7)

Precisioni =
TP

TP + FP
(8)

Recalli =
TP

TP + FN
(9)

Speci f icityi =
TN

TN + FP
(10)

F1i =
2 × Precisioni × Recalli

Precisioni + Recalli
(11)
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macro–F1 =
1
n

n

∑
i=1

F1i (12)

For each class i in the multi-class problem, all samples except the ith class can be
regarded as negative samples.

3. Results
3.1. 1D-CNN Model Training

The primary determinants impacting the accuracy of recognition and the duration
of training for the 1D-CNN model include the size of the sample, the structure of the
model, and the hyperparameters. Given the limited sample sizes in our experiment, we
adapted the model structure and hyperparameters to enhance the recognition of single-
cycle waveforms. They compensate for the smaller dataset by optimizing the model’s
ability to extract and learn relevant features, thus mitigating the risk of overfitting and
enhancing its ability to make accurate predictions on new, unseen data. During the training
process, attempts are made to change the learning rate, Conv layers, input and output
channels, and the length of the input data to find the best combination of hyperparameters
and model structure for the performance of the task and to shorten the training time by
comparing the performance of the validation set.

The learning rate affects the convergence speed and stability of the model on the
training data. Eight values for the learning rate were chosen between the range [0.0001, 0.01]
as the step rate for gradient descent. The condition for iteration stopping was that the
single mean loss on the training set was less than the threshold 10−5. After model training,
the performance of different learning rates on the validation set is shown in Figure 8a.
The results indicate that as the learning rate increases, the accuracy of the validation set
increases first and tends to be stable, and the training time increases exponentially. It is
worth noting that a larger learning rate does not indicate a shorter time. A learning rate
that is too large will cause the model to fail to converge and take longer to reach the desired
accuracy. When the learning rate is 0.003, the validation accuracy reaches the highest point,
and convergence is relatively fast.

Conv layers are capable of learning abstract features from low to high levels. Setting
different numbers of Conv layers (from 2 to 8) for the model affects the performance on the
validation set, as shown in Figure 8b. The validation set accuracy rises and then drops as
the number of Conv layers increases, and the average training time per epoch also increases.
This suggests that increasing the number of Conv layers does not always lead to linear
improvement in performance, and too many Conv layers may lead to model overfitting
and extended training time. By comprehensively weighing the relationship between Conv
layers and the model’s performance, we can see that the validation set reaches the highest
accuracy when the number equals 6, and the training converges relatively quickly.

The Conv layer’s input and output channel count influences the features. This study
optimized the model by adjusting input and output channels in each Conv layer. Table 4
displays the eight network model structures. In the model, the sixth Conv layer has
32 output tensors of size 4 that are flattened into a one-dimensional tensor of length 128,
serving as the input feature of the seventh FC layer. The performance of different input and
output channels on the validation set is shown in Figure 8c. The results show that Structure
1 and Structure 2 have higher validation accuracy than the other structures. What is more,
Structure 1 requires fewer channel parameters and has higher computational efficiency, so
the input and output channel setting of Structure 1 is selected in this paper.

In order to improve convergence speed, reduce the number of calculations, and reduce
the computational load, the raw signals with 256 sampling points were downsampled
to obtain signals with lengths of 128, 64, and 32. The respective sample frequencies are
112.5 Hz, 56.25 Hz, and 28.125 Hz, which adhere to Nyquist’s theorem and avoid the
occurrence of alias frequencies in the signals. The performance of input data with different
sampling lengths on the validation set is shown in Figure 8d. Therefore, a single-cycle
waveform with a sampling point 128 is selected as the input signal.
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Table 4. Different structures of classifier.

No.
Conv (In–Out) FC (In–Out)

L1 L2 L3 L4 L5 L6 L7 L8

1 1–2 2–4 4–8 8–16 16–32 32–32

(128–64) (64–3)

2 1–4 4–8 8–16 16–32 32–32 32–32
3 1–4 4–16 16–32 32–32 32–32 32–32
4 1–4 4–32 32–32 32–32 32–32 32–32
5 1–8 8–16 16–32 32–32 32–32 32–32
6 1–8 8–32 32–32 32–32 32–32 32–32
7 1–16 16–32 32–32 32–32 32–32 32–32

3.2. Performance of the Proposed Structure

Based on the above experiments, the final structure of the 1D-CNN model selected
is presented in Figure 9a, and it contains six Conv layers and two FC layers. The data
length of the input single-cycle waveform is 128. The learning rate is dynamically adjusted
using a learning rate scheduler. Initially, the learning rate is set at 0.003 and drops by half
every 100 epochs. The iteration stopping condition is that validation set accuracy no longer
decreases for 30 consecutive epochs. The loss and accuracy trend curves of the training set
and the validation set are shown in Figure 9b,c, indicating that the loss gradually decreases
as the number of training epochs increases, while the accuracy gradually increases and
tends to stabilize. The final result of the training is that the overall loss of the training set is
0.15, the overall loss of the validation set is 1.52, the accuracy of the training set is 99.8%,
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and the accuracy of the validation set is 98.07%. The model’s execution time is 86.297 s, and
it consumes 51.375 MB of runtime memory in Python.
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Figure 9. The final structure of the 1D-CNN model and trend curves of the training process: (a) The
1D-CNN model; (b) Trend curves of loss on the training set and validation set; (c) Trend curves of
accuracy on the training set and validation set.

The trained network model was used in the testing set with a sample size of 517.
Figure 10a,b show the confusion matrixes of the validation set and the testing set, i.e.,
the number of respective correct and misclassified samples, as well as their percentages.
Figure 10c,d illustrate the ROC–AUC curves for the validation and testing sets, which depict
the trade-off between the true positive rate and the false positive rate across all possible
classification thresholds. A curve closer to the upper-left corner signifies better model
performance. Table 5 indicates that the model achieved significant precision, recall, f1-score,
macro-F1,macro-AUC, micro-AUC, average accuracy, and loss on both the validation and
the testing sets.

Table 5. Evaluation index of the model.

Index
Valid Dataset Test Dataset

Distortion Pulse Interference Average Distortion Pulse Interference Average

Precision (%) 95.90 100 97.17 98.07 94.87 100 98.17 98.25
Recall (%) 95.90 100 97.17 98.07 97.37 99.58 96.99 98.26

F1-score (%) 95.90 100 97.17 98.07 96.10 99.78 97.57 98.26
Accuracy (%) 98.07 100 98.07 98.07 98.25 99.8 98.45 98.26
Macro-F1 (%) 98.07 98.26
Macro-AUC 0.99 0.99
Micro-AUC 0.99 0.99

Loss 1.52 1.89
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4. Discussion

As is evident in Table 5, after the training of the classifier, the overall recognition
accuracy on the test set is 98.26%, which demonstrates a highly stable classification ability
for the three single-cycle waveforms, in which the accuracy of the pulse signal category is
99.8% with only one misclassified sample. Classification errors are mainly mutual misclassi-
fication of the interference signal and distortion. Distortion is the worst classification effect
among the three categories because the distortion morphology is not fixed, and the sample
size is the least among the three classes, resulting in its classification difficulty being higher
and its robustness being poor. The overall classification precision of the model is 98.25%,
of which the precision of the pulse signal is 100%, indicating that the samples classified
as pulse signal must be positive, thus ensuring the accurate recognition of single-cycle
pulse waves. Macro-F1 is 98.07% in the validation set and 98.26% in the test set, indicating
that the model’s classification performance is relatively balanced for each category. The
macro-AUC and micro-AUC for both the validation and test sets are both 0.99, achieving
robust discrimination capabilities for diverse categories.

The notable distinctions between distortion, pulse, and interference can be attributed
to their distinct origins and characteristics. The distortion often emanates from human
motion artifacts, resulting in waveforms exhibiting a pattern of random disorder. Pulse
waves, on the other hand, originate from the cardiovascular system and are based on
hemodynamics. The high-pressure pulse generated by cardiac ejection propagates locally,
forming the pulse wave, and its unique waveform morphology contains physiological
significance. Interference, in contrast, arises during the data acquisition process due to
structural connections, where sensor displacement occurs due to wristband vibrations.
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However, this paper only classifies the types of single-cycle waveforms and does not
evaluate the quality of pulse signals. High-quality pulse waves showcase distinct features
during the systolic and diastolic phases of cardiac ejection, including inflection points such
as the percussion wave, tidal wave, and dicrotic wave [34]. In contrast, low-quality pulse
waves obscure crucial features, leading to a reduction in valuable information. For visual
examples of classified pulse wave quality, refer to [41] Figure 1 and [42] Figure 2. Addition-
ally, the recognition model is not integrated into the microprocessor platform. In future
work, we will continue to study the quality assessment methods of pulse signals, deduce
the signal quality index (SQI) reflecting the signal quality level, and seriously explore the
integration of a cost-effective microprocessor into the pulse acquisition bracelet [43,44],
incorporating the recognition algorithm as an integral part of the overall algorithm within
the microprocessor.

5. Conclusions

Pulse-wave-based blood pressure measurements require feature analysis with the help
of single-cycle pulse signals to assess the patient’s cardiovascular health status. However,
the pulse signal is easily affected by various factors during the acquisition process. This pa-
per proposes a single-cycle pulse signal recognition algorithm utilizing the 1D-CNN model.
First, this paper analyzes the causes of adjacent channel interference. Then, 3446 raw pulse
waves extracted by the pulse bracelet were preprocessed by denoising, period division,
and standardization. All single-cycle signals were classified into three categories, pulse
signals, interference signals, and distortion, and labeled as the network dataset. Finally,
to improve the network accuracy and accelerate the training, the 1D-CNN model was
optimized by adjusting the network structure and hyperparameters. The results indicate
that the final network structure has an overall recognition accuracy of 98.26% and an overall
classification precision of 98.25% on the test set, of which the accuracy and precision of
pulse signals are 99.8% and 100%. This method improves the robustness of pulse signal
recognition under complex single-cycle waveforms and facilitates the timeliness, validity,
and reliability of pulse signal analysis. This shows that it can be applied to the subsequent
development of wearable intelligent continuous blood pressure algorithms.
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