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a b s t r a c t

The development of high-precision sensors using flexible piezoelectric materials has the advantages of

high sensitivity, high stability, good durability, and lightweight. The main problem with sensing equip-

ment is low sensitivity, which is due to the mismatch between materials and analysis methods, resulting

in the inability to effectively eliminate noise. To address this issue, we developed the denoising analysis

method to motion signals captured by a flexible piezoelectric sensor fabricated from poly(l-lactic acid)

(PLLA) and polydimethylsiloxane (PDMS) materials. Experimental results demonstrate that this improved

denoising method effectively removes noise components from neck muscle motion signals, thus obtaining

high-quality, low-noise motion signal waveforms. Wavelet decomposition and reconstruction is a signal

processing technique that involves decomposing a signal into different scales and frequency components

using wavelets and then selectively reconstructing the signal to emphasize specific features or eliminate

noise. The study employed the sym8 wavelet basis for wavelet decomposition and reconstruction. In the

denoised signals, a high degree of stability and periodic peaks are distinctly manifested, while ampli-

tude and frequency differences among different types of movements also become noticeably visible. As

a result of this study, we are enabled to accurately analyze subtle variations in neck muscle motion sig-

nals, such as nodding, shaking the head, neck lateral flexion, and neck circles. Through temporal and

frequency domain analysis of denoised motion signals, differentiation among various motion states can

be achieved. Overall, this improved analytical approach holds broad application prospects across various

types of piezoelectric sensors, such as healthcare monitoring, sports biomechanics.

© 2024 Published by Elsevier B.V. on behalf of Chinese Chemical Society and Institute of Materia

Medica, Chinese Academy of Medical Sciences.

In recent years, flexible piezoelectric materials have been

widely used in various fields, particularly in the development of

flexible electronic and wearable devices [1]. However, there is still

a lack of effective analytical methods that correspond to the mo-

tion signals captured by flexible sensors [2–4]. To address this gap,

we have developed an innovative approach for analyzing motion

signals, endowing transducer sensors with boundless potential and

significance [5–7].

Piezoelectric sensors have garnered significant attention in re-

search due to their high sensitivity, stable performance, durabil-

ity, and lightweight properties [8,9]. Among the various sensor

types available, piezoelectric sensors have emerged as a promis-
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ing choice for wearable monitoring devices [10–12]. However, de-

spite the presence of various sensor types in the market and corre-

sponding signal processing and analysis methods, the accuracy of

these methods is often questioned, making it difficult to determine

which approach accurately matches different transducer materials

[13,14]. It is particularly important to conduct in-depth research on

signal processing and analysis methods to match the characteristics

of flexible sensing materials for ensuring accurate results.

Common denoising methods for motion signals, such as But-

terworth filtering, currently suffer from issues like signal blurring

and loss of local features. Wavelet decomposition techniques play

a crucial role in the detection and processing of motion signals

[15,16]. They possess enhanced time-frequency analysis capabili-

ties, facilitate multi-resolution analysis, effectively suppress noise,

and aid in feature extraction, thereby providing reliable tools and

methods for the analysis, recognition, and classification of motion

https://doi.org/10.1016/j.cclet.2023.109302
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signals [17,18]. In the fields of healthcare, sports science and reha-

bilitation, wavelet decomposition holds extensive potential for ap-

plications. In this study, we conducted wavelet decomposition on

motion signals using different wavelet bases. This approach pre-

serves the characteristics of the original waveform while, by in-

troducing denoising evaluation criteria, it identifies the optimal

wavelet basis selection, specifically sym8, resulting in improved

denoising efficacy.

In this study, flexible piezoelectric sensors were fabricated us-

ing original-fiber poly(l-lactic acid) (PLLA) material for monitor-

ing neck muscle movements. The developed sensors exhibited high

sensitivity and could detect subtle human motion signals. The

sensors allowed real-time monitoring of neck muscle movements,

and the data were captured using an electrochemical worksta-

tion. Moreover, these high-sensitivity sensors demonstrated excel-

lent durability and stability. Additionally, we improved traditional

physiological signal denoising methods by focusing on motion sig-

nals. In contrast to the limitations of conventional denoising ap-

proaches, we utilized wavelet analysis to enhance the denoising

efficacy of motion signals, resulting in optimal low-noise motion

signal waveforms. In our research, we further analyzed the vari-

ations in signals under different motion states and explored the

variability between signals. As a result, we could better distin-

guish signals corresponding to different movements. The above re-

sults demonstrate that our proposed improved denoising method

effectively removes high-frequency interference and low-frequency

baseline drift, providing a more reliable foundation for subsequent

muscle motion signal analysis. This novel approach to motion sig-

nal processing and analysis can better match transducer materials,

thereby acquiring real-time accurate data.

The PLLA film was purchased from Aladdin Biochemical Tech-

nology Co., Ltd. The polydimethylsiloxane (PDMS) solution and

the curing agent were obtained from the Dow Chemical Com-

pany. First, a mixture of curing agent and PDMS solution in a vol-

ume ratio of 1:10 was prepared and stirred using a magnetic ro-

tor at room temperature for approximately 15–20min until the

microbubbles in the solution were dense and evenly distributed.

Then, ultrasonic treatment was applied for 3–5min to achieve

complete bubble removal and produce the encapsulation material.

PLLA films were cut into rectangular samples of 1.5 cm×1.5 cm

(one or two layers) as the conductive layer. Next, two rectan-

gular aluminum foils of 1.8 cm×1.5 cm were taken, and a 1 cm

cut was made 0.3 cm away from the short side (1.5 cm), leaving

a 0.5 cm×0.3 cm connection as the signal path. These aluminum

foils were used as the encapsulation layer. The PLLA film was at-

tached to the 1.5 cm×1.5 cm area of the aluminum foil, and the en-

capsulation material was preliminarily packaged around the PLLA

film using a small-diameter syringe. Then, the second aluminum

foil was added to complete the electrode fabrication. Finally, one

side of the PLLA electrode was coated using a spin coater, and

0.1–0.15mL of encapsulation material was dripped onto it (drop

height of 3 cm, rotation speed of 3 k/min). The electrode was then

placed in an oven at a constant temperature of 60 °C and dried for

12h and cooled to room temperature before removal. The coating

and drying process was repeated on the other side to achieve com-

plete encapsulation. This procedure is illustrated in Fig. S1 (Sup-

porting information).

The morphology of the samples was characterized using a scan-

ning electron microscope (SEM). In addition, the samples were

tested under different pressing conditions using a self-made pres-

sure device to simulate practical use environments. Furthermore,

the voltage and current changes of the samples under different

pressures were measured using an electrochemical workstation to

evaluate their piezoelectric properties. Before conducting the ex-

periment to acquire neck movement signals, the sampling fre-

quency of the electrochemical workstation software was set, and

Fig. 1. (a) Schematic of a flexible piezoelectric sensor with a five-layer structure:

PDMS encapsulation layer, aluminum foil for both conduction and additional en-

capsulation, and PLLA as the piezoelectric layer. (b) Photograph of PLLA electrode:

The sensor electrode, being flexible and bendable, conforms easily to various shapes

and surface curvatures. (c) Microscopic image of PLLA membrane under electron

microscopy: a mesh-like structure formed from interwoven fibers. (d) PDMS mem-

brane (longitudinal view): smooth surface with a relatively uniform diameter of ap-

proximately 30–40μm. (e) Voltage of the high-sensitivity sensor. (f) Durability test

of the high-sensitivity sensor for over 3000 s.

the participants were fully informed of the experimental proce-

dures. The PLLA flexible piezoelectric sensor was affixed to the

participant’s left scapula and second thoracic vertebra using med-

ical tape. The sensor, electrochemical workstation, and personal

computer were connected, and the data acquisition software was

opened for signal acquisition. After obtaining a sufficient number

of neck movement signals, the collected data was saved for subse-

quent analysis.

In this study, traditional noise reduction methods, including

Butterworth filtering, finite impulse response filtering, and Cheby-

shev filtering, were used to filter the neck movement signals. In

addition, wavelet decomposition was used to process the move-

ment signals to retain useful physiological signals and remove

noise components. These methods effectively extracted physiolog-

ical features from the neck movement signals, improved signal

quality and reliability, and provided reliable data foundations for

subsequent analysis and research.

The overall and local composition of the electrode is described

in Fig. 1 shown as below. The flexible piezoelectric sensor com-

posed of five layers of materials (Fig. 1a). PDMS functions as the

encapsulation layer. The aluminum foil layer serves as both the

conductive layer and another layer of encapsulation, enabling the

conduction of charges within the sensor’s interior and collabo-

rating with the PDMS encapsulation layer to protect the internal

structure and circuitry of the sensor. PLLA acts as the piezoelec-

tric layer, enabling the capture and detection of motion signals.

This multilayer structure provides excellent mechanical strength,

stability, and effective encapsulation and protection. The fabricated

sensor electrode is flexible and bendable characteristics, enabling

it to conform to various shapes and surface curvatures (Fig. 1b).

The details of PLLA fibers can be found in Fig. 1c, a mesh-like

structure was formed from multiple fibers interwoven. This mesh

structure offers high mechanical flexibility and sensitivity to volt-

age changes, enhancing the sensor’s sensitivity and responsiveness

to accurately perceive and convert pressure signals. Fig. 1d dis-
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Fig. 2. (a) Neck muscle movement signals containing low-frequency and high-frequency interference. (b) Interference and noise in the form of 50Hz mains interference

caused by power line interference and high-order harmonic interference. (c) EMG interference noise caused by subjects’ tension and subtle body movements during the

data acquisition. (d) Baseline drift noise caused by human respiration and sensor temperature drift. (e) Traditional processes and the improved denoising processes: Intro-

duce wavelet decomposition and reconstruction for denoising, and use SNR and RMSE indicators to evaluate the translation of denoising results. (f) Details of the wavelet

decomposition and reconstruction denoising process.

plays an untreated PDMS membrane, exhibiting a smooth surface

with a relatively uniform diameter of approximately 30–40μm. The

smooth surface helps reduce external interference and facilitates

reliable signal transmission.

In order to further investigate the piezoelectric performance of

the sensor, a certain level of force was applied to the sensor to

test its sensitivity [19]. When the sensor was subjected to external

force, the material’s piezoelectric layer underwent internal polar-

ization, resulting in positive and negative charges on both surfaces

of the piezoelectric layer and generating an electric signal [20].

The voltage of the sensor was measured using an electrochemical

workstation (Fig. 1e), which displayed the basic piezoelectric per-

formance of the sensor. The output voltage and sensitivity anal-

ysis results of the sensor under various stress conditions can be

seen in Fig. S2 (Supporting information). To obtain the piezoelec-

tric performance of the piezoelectric sensor, a force was applied to

the sensor at a frequency of 0.67Hz, and the average output volt-

age of the sensor was found to be 10V. In addition, the voltage

amplitude only exhibited slight fluctuations under a fixed force of

0.67Hz during 3000 s of fatigue testing (Fig. 1f), indicating the high

stability and durability of the piezoelectric sensor. The voltage sig-

nals at the beginning, middle, and final stages of the sensor fatigue

test all maintained good stability, as shown in Fig. S3 (Supporting

information).

The main location for collecting neck movement motion sig-

nals is between the left scapula and the second thoracic verte-

bra. During the signal acquisition process, external noise signals

can interfere and result in the presence of noise components in

the collected neck movement signals (Fig. 2a). The main sources

of noise in neck movement signals include power frequency in-

terference, electromyographic (EMG) interference, baseline drift,

and high-frequency noise from the human skin and external envi-

ronment [21,22]. Power frequency interference mainly consists of

50Hz power line interference and high-order harmonic interfer-

ence, with low amplitude, appearing as regular small ripples on

the waveform (Fig. 2b) [23]. Factors such as subject tension, subtle

limb movements, and certain diseases during data acquisition can

lead to the generation of EMG interference noise (Fig. 2c). The fre-

quency spectrum of EMG interference is generally between 30Hz

and 300Hz [24]. Among the various noise sources in neck mus-

cle movement signals, baseline drift noise has the most significant

impact on the signal. Baseline drift is mainly caused by human res-

piration and sensor temperature drift [25,26]. Compared with neck

muscle movement signals, baseline drift is a low-frequency signal,

ranging from 0.01Hz to several hertz, with its main component

around 0.1Hz (Fig. 2d).

In the process of collecting neck movement signals, system

noise and random noise inevitably interfere with the signals, caus-

ing baseline drift and high-frequency noise, which makes the anal-

ysis and processing of movement signals inconvenient [27]. There-

fore, it is of great significance to study effective methods for re-

moving these noises from physiological signals. Traditionally, var-

ious signal pre-processing techniques, such as Butterworth filter,

finite impulse response (FIR) filter, and Chebyshev filter, are com-

monly employed to mitigate noise in physiological signals [28].

However, despite the use of these filtering methods, eliminating

noise remains challenging, significantly impacting the accuracy of

subsequent analyses.

To address this issue, this study proposes an improved filtering

method based on the characteristic features of muscle movement

signals to remove interference. This method introduces wavelet de-

composition and reconstruction into the conventional denoising

process and evaluates the results using signal-to-noise ratio (SNR)

and root mean squared error (RMSE) as comparison metrics for dif-

ferent denoising methods [29]. This step is crucial for effective de-

noising of muscle movement signals. Fig. 2e depicts a schematic

representation of the conventional approach and the novel method

proposed in this study. By contrasting the enhanced denoising pro-

cess with the traditional procedure, the diagram visually presents

the concrete process of motion signal processing.

Common physiological signal denoising methods include But-

terworth filtering, FIR filtering, and Chebyshev filtering [30]. This
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study incorporates wavelet decomposition and re-construction in

addition to commonly used denoising methods. Wavelet decom-

position and reconstruction are employed to decompose the mo-

tion signals, eliminating low-frequency baseline drift and high-

frequency noise, and subsequently reconstructing the denoised sig-

nal from the valuable components. The specific process is illus-

trated in Fig. 2f. In the following, the principles of these methods

will be introduced, and their denoising effects will be compared to

select the optimal method.

The Butterworth filter has a relatively flat passband, and as the

filter order increases, the transition band becomes steeper, and

the stopband suppression increases [31]. Since the main frequency

range of neck muscle movement signals is around 0.3Hz and the

baseline drift signals are distributed around 0.1Hz, we use a min-

imum order Butterworth filter for 0.1Hz high pass filtering of the

movement signals. The processed waveform is shown in Fig. S4a

(Supporting information). The FIR filter is a common digital filter

with a finite-length unit impulse response. The FIR filter can obtain

a strict linear phase characteristic while satisfying the amplitude-

frequency response requirements [32]. We use an FIR filter to pro-

cess the neck movement signals, and the processed waveform is

shown in Fig. S4b (Supporting information). The Chebyshev filter

has a faster transition band attenuation rate than the Butterworth

filter, but its frequency response within the passband is not as flat

as the latter. The Chebyshev filter is divided into two types: Type

I and Type II [33]. In Type I Chebyshev filter, the ripple amplitude

inside the passband is equal, while in Type II, the ripple amplitude

inside the stopband is equal [34]. We use a second-order Type I

Chebyshev filter to process the noisy movement signals, and the

processed waveform is shown in Fig. S4c (Supporting information).

Wavelet analysis is a signal analysis tool based on local features,

which decomposes the signal into wavelet coefficients of differ-

ent frequency bands, revealing the signal’s time-frequency charac-

teristics [35,36]. Applying wavelet de-composition to denoise mo-

tion signals involves decomposing the signal into frequency com-

ponents, and then filtering the decomposition coefficients based on

the characteristics of wavelet decomposition to remove noise com-

ponents and preserve the physiological signal’s characteristic com-

ponents, ultimately reconstructing the denoised motion signal [37].

Compared to traditional filtering methods, wavelet decomposition

is better suited for handling non-stationary signals and allows for

the selection of suitable wavelet bases for decomposition, offering

greater flexibility and adaptability [38]. In this study, the symmet-

rical wavelet basis (sym wavelet) was used for wavelet decomposi-

tion of motion signals, removing baseline drift and high-frequency

noise signals in the 0–0.4Hz range, resulting in the denoised wave-

form shown in Fig. S4d (Supporting information).

Compared with traditional denoising methods such as Butter-

worth and Chebyshev filters, which can effectively reduce noise,

there may be blurring and loss of local features of the signal. The

FIR filtering method has drawbacks such as time-domain waveform

distortion and phase distortion, resulting in unsatisfactory denois-

ing effects [39]. The wavelet transform denoising method can fil-

ter out noise components in the signal while retaining the origi-

nal waveform characteristics. To evaluate the effectiveness of the

traditional denoising methods and the wavelet decomposition de-

noising method, we introduced two evaluation metrics: SNR and

RMSE. SNR describes the ratio between the effective components

and noise components in the signal, measured in dB, and can be

calculated using Eq. 1. A higher SNR value indicates better denois-

ing performance of the method.

SNR = 10 log

∑N
i=1 f 2

(
i
)

∑N
i=1

(
g
(
i
)

− f
(
i
))2 (1)

Table 1

Denoising results of noisy motion signal.

Method Signal power (W) Noise power (W) SNR (dB) RMSE (V)

Butterworth 118.1979 5.6292 13.2216 0.0808

FIR 132.0387 6.9892 12.7627 0.0900

Chebyshev 95.2499 4.9578 12.8358 0.0758

sym7 95.7672 1.5602 17.8803 0.0425

sym8 99.0651 1.1764 19.2538 0.0369

db6 90.2074 2.3401 15.8601 0.0521

db7 90.1698 2.3663 15.8098 0.0524

coif3 94.6351 1.7077 17.4365 0.0445

coif5 95.7817 1.5611 17.8786 0.0426

where f (i) denotes the original motion signal before denoising,

g(i) represents the motion signal after denoising, N stands for the

length of the signal, and i=1, 2, 3, …, N.

The RMSE describes the closeness between the denoised signal

and the original signal, as shown in Eq. 2. A smaller RMSE value

indicates a closer match between the denoised signal and the orig-

inal signal, thereby better preserving the useful information in the

original signal.

RMSE =
√

1

N

N∑

i

(
f
(
i
)

− g
(
i
))2

(2)

Using six different wavelet bases and combining three tradi-

tional denoising methods, the denoising results for the same mo-

tion signal are presented in Table 1. It can be observed that

wavelet decomposition exhibits superior denoising performance.

Specifically, the sym8 wavelet basis yields the highest SNR and the

smallest RMSE after denoising the noisy motion signal, indicating

the best denoising effectiveness.

In conclusion, compared to traditional filtering methods,

wavelet decomposition denoising exhibits superior flexibility and

adaptability, providing denoised results with higher SNR and lower

RMSE. By selecting appropriate wavelet bases for decomposition

according to specific requirements, it can effectively handle non-

stationary signals. Consequently, wavelet decomposition denoising

emerges as an excellent signal denoising technique.

Baseline drift noise is a low-frequency noise that has frequen-

cies lower than the primary frequencies of human muscle move-

ment waveforms. In order to extract the baseline drift from the

original signal, an 8-level decomposition of the motion signal us-

ing the sym8 wavelet basis is performed, as shown in Fig. 3a. The

frequency range corresponding to the approximate component of

a8 is approximately 0–0.1Hz, which represents the baseline drift,

as shown in Fig. 3b. Meanwhile, the d1 and d2 components rep-

resent high-frequency interference in the motion signal. By com-

pletely removing these high-frequency interferences and the base-

line drift signal, and then reconstructing the remaining signal us-

ing wavelet reconstruction on the other levels, a denoised signal

can be obtained.

As shown in Fig. 3c, the motion signal waveform contains base-

line drift and high-frequency noise. The denoising result is shown

in Fig. 3d. In the 0–90 s period, the neck motion is nodding, and

the signal is relatively stable, with periodic peaks and similar

peak values. According to the processed signal, at 90 s, the mo-

tion changes to shaking, and the signal fluctuates greatly with de-

creased peak values. The signal then remains stable until around

160 s, after which the motion changes to neck lateral flexion, with

periodic peaks and similar peak heights lasting for about 2min.

Around 280 s, the movement changes to neck circles with in-

creased amplitude and periodicity.

When people work for a long time without exercising, the mus-

cles in their neck can become strained, leading to cervical spondy-

losis over time. Therefore, in order to reduce the incidence of
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Fig. 3. (a) Wavelet decomposition tree: S represents the original signal, which is

decomposed into low-frequency components (a1–a8) and high-frequency compo-

nents (d1–d8) based on their frequency differences. (b) Eight-level wavelet decom-

position of the motion signal: The signal is decomposed into a low-frequency com-

ponent a8 and high-frequency components (d1–d8). Notably, where a8 exhibits a

similar drift trend to the original signal. (c) Raw signal with baseline drift and high-

frequency noise. (d) Signal after wavelet decomposition denoising: The removal of

baseline drift and high-frequency interference results in a clear signal, significantly

enhancing the distinguishability between different movements.

cervical spondylosis, we use high-sensitivity sensors to monitor the

movements of the subject’s neck. During the test, a high-sensitivity

sensor with medical adhesive tape was fixed to the area between

the subject’s left scapula and the second thoracic vertebra, as

shown in Fig. S5a (Supporting information), to primarily perform

four movements (nodding, shaking, neck lateral flexion and neck

circles) to monitor the motion signals of the subject’s neck mus-

cles. When the subject performs the above-mentioned movement

test, different movements will cause different stretching states of

the neck muscles, and the different states will lead to changes in

the force on the sensor, thereby forming different piezoelectric sig-

nals. The remain figures show the waveforms corresponding to the

four movements of the subject, and the amplitudes and periods of

different movements vary (Figs. S5b–e in Supporting information).

When the subject performs neck muscle movement, the peri-

odicity of the action is maintained, so the piezoelectric signal is

also periodic. Next, the signals of one cycle of different actions are

analyzed to determine the corresponding relationship between the

action and the amplitude.

Fig. 4a displays the piezoelectric signals generated by neck

muscle movements during a nodding motion, with A to E denot-

ing the process of completing one nod. During this process, the

nodding motion exerts a force on the sensor, thereby generating

a certain voltage signal. From A to B, the participant slowly low-

Fig. 4. Differentiated analysis of piezoelectric signals for various motions and scat-

ter plot of neck muscle movement signals. (a) Nodding motion: two voltage peaks

occur with amplitudes of approximately 0.22V and a motion cycle of approximately

2.3 s. (b) Shaking: the piezoelectric sensor exhibits voltage peaks of approximately

0.06V with a period of 2.7 s. (c) Neck lateral flexion: the piezoelectric sensor regis-

ters a peak voltage of approximately 0.04V with a duration of 3.5 s. (d) Neck circles:

a peak voltage of around 0.26V is observed, with a period lasting 2.8 s. (e) Scatter

plot of neck muscle movements periods and amplitudes, the x-axis represents the

period (s), and the y-axis represents the peak value (V), significant variations in

both period and amplitude among different motions.

ers their head, during which the fiber bundles of the left trapezius

muscle are stretched, and the left sternocleidomastoid muscle is in

a contracted state, leading to an increase in the piezoelectric sig-

nal. At point B, the head reaches its lowest point, at which the left

trapezius muscle is stretched to its maximum [40], and the sensor

is subjected to the maximum force, resulting in the highest voltage

signal. From B to C, the participant raises their head, and the ster-

nocleidomastoid muscle is stretched [41], while the fiber bundles

of the left trapezius are in a relaxed state, leading to a decrease in

the sensor signal, indicating the recovery of muscle tension, result-

ing in a lower signal at point C. From C to D, the voltage amplitude

fluctuates and reaches its peak again, due to the instant mechani-

cal force generated by the contraction of the left trapezius as the

head returns to its normal position, which triggers a response in

the pressure sensor, thereby causing the fluctuation in the voltage

amplitude. From D to E, the neck muscles are in a relaxed state,

and there is no instantaneous mechanical force generated, so the

sensor cannot sense any external force, and the voltage drops to

its initial value. During the nodding motion, the voltage peak is

approximately 0.22V, and the motion cycle is 2.3 s.

The signal of neck muscle movement during the subject’s head

shaking action is shown in Fig. 4b, and the complete shaking

process from A to C is illustrated. From A to B, the subject ro-

tates their head horizontally to the left. At this time, the left

5



N. Shi, H. Jia, J. Zhang et al. Chinese Chemical Letters 35 (2024) 109302

sternocleidomastoid and the fiber bundle of the left trapezius mus-

cle are stretched, and the right splenius capitis contracts, resulting

in an increase in force on the sensor and an increase in the piezo-

electric signal. At point B, the head reaches the left extreme point,

and the force on the sensor reaches the maximum value, result-

ing in the maximum amplitude of the piezoelectric signal. From B

to C, the subject’s head returns from left to right, and the force

on the sensor decreases rapidly, leading to a rapid decrease in am-

plitude and completing the shaking action. During this process, the

fibers of the left trapezius muscle continue to relax, while the right

splenius capitis receives increased force. As the piezoelectric sen-

sor is attached between the left scapula and the second thoracic

vertebra, the main muscle force acting on the sensor during the

B to C process is the right splenius capitis, and the force on the

sensor decreases continuously, returning to the initial value. When

the subject performs the head shaking action, the peak value of

the piezoelectric sensor is about 0.06V, and the period is 2.7 s.

As shown in Fig. 4c, this displays the output signal of neck mus-

cle movement during the subject’s neck lateral flexion motion. The

process from A to C represents the completion of a head turning

motion. During this process, the head turning motion will exert

pressure on the sensor, generating a certain piezoelectric signal.

During the process from A to B, the subject turns their head to-

wards the left shoulder, causing the left sternocleidomastoid mus-

cle to contract, stretching the left trapezius muscle, increasing the

force on the neck muscles, and rapidly increasing the piezoelectric

signal of the sensor. At point B, the head reaches the left extreme

point, and the force on the sensor reaches the maximum value,

with the voltage amplitude reaching its peak. From B to C, the

subject’s head turns towards the right shoulder, during which the

left trapezius muscle is in a relaxed state, the left sternocleidomas-

toid muscle continues to stretch, and the right trapezius muscle is

stretched. The force on the sensor, attached to the left scapula, de-

creases rapidly, and the voltage amplitude drops quickly to its ini-

tial value. During this motion, the peak voltage of the piezoelectric

sensor is approximately 0.04V, with a period of 3.5 s.

The output signal of neck muscle movement during the neck

circles action of the subject is shown in Fig. 4d, and A to D repre-

sent the process of completing a head rotation action. During the A

to B phase, the participant bends their head downwards in a mo-

tion similar to nodding, causing the fibers of the left sternoclei-

domastoid muscle to stretch and the muscle to relax, resulting in

a slow increase in the piezoelectric signal. At point B, the head

is at its lowest point. From B to C, the head rotates to the left

rear in a circular motion, causing further stretching of the fibers

of the left trapezius muscle, and resulting in a continuous increase

in force on the piezoelectric sensor. At point C, the head and neck

complete the extension motion, with the fibers of the left trapez-

ius muscle at their maximum tension, causing the sensor force to

peak and the maximum voltage signal to appear at point C. From C

to D, the head completes the remaining circular motion from back

to front right, with the left trapezius muscle relaxing and the left

sternocleidomastoid muscle fibers in a stretched state. The piezo-

electric sensor signal gradually drops to its initial value. During

the neck circles motion, the peak sensor voltage is approximately

0.26V, and the period is 2.8 s.

The scatter plot in Fig. 4e shows the relationship between volt-

age amplitude and period for different neck muscle movements.

The purpose of this scatter plot is to compare the characteristics

and differences of four distinct actions. The data for the scatter

plot comes from measured neck muscle movement data, where

the x-axis represents the period (s), and the y-axis represents the

peak value (V). Each data point represents one specific movement,

with its position determined by the period and amplitude. Upon

observation, we find that the data points for the different move-

ments exhibit distinct separation and clustering effects on the scat-

ter plot. This indicates significant variations in both period and

amplitude among the four actions. Specifically, the data points

for nodding and neck lateral flexion movements are widely dis-

persed along the x-axis, indicating larger variations in the periods

of these two movements. In contrast, the peak voltage values for

these movements remain relatively stable at different times. On

the other hand, the data points for shaking and neck circles move-

ments are widely dispersed along the y-axis, indicating greater

variations in peak voltage values for these two actions. In com-

parison, the periods of these movements show relatively smaller

variations. In conclusion, the results from the scatter plot further

validate the effectiveness of using period and amplitude to dis-

tinguish between different movements. Nodding and neck lateral

flexion movements exhibit larger variations in period, while shak-

ing and neck circles movements exhibit larger variations in peak

voltage. These findings provide strong support for a deeper under-

standing of movement characteristics and mechanisms.

In conjunction with PLLA sensor for muscle movement recog-

nition, the work has tailored a set of data analysis methods to ac-

curately quantify and effectively identify neck motion information.

Traditional motion signal processing algorithms were improved by

incorporating wavelet decomposition for motion signal process-

ing. The optimal denoising approach was determined by combining

signal-to-noise ratio and mean squared error evaluations. This re-

sulted in a signal analysis method that is compatible with the new

type of sensor. Additionally, this analysis method proves effective

for various types of piezoelectric sensors currently available.

We improved the signal processing procedure to mate the algo-

rithms with our sensor in monitoring neck muscle movements in

real-time. Through comparative denoising methods, we ultimately

adopted wavelet decomposition for signal processing, effectively

eliminating baseline drift and high-frequency noise. Analyzing the

denoised motion signals, we studied the specific force exerted on

neck muscles, and the results indicated that the signals corre-

sponded accurately to specific movements, enabling precise iden-

tification of various neck actions. Finally, analyzing the scatter plot

of motion signals revealed that the period and voltage amplitude

could serve as distinguishing features for action recognition.

In conclusion, the transducer material-based high-sensitivity

flexible piezoelectric sensor provides a reliable solution for mon-

itoring neck muscle movements with superior performance in cap-

turing subtle motion signals. This research has significant implica-

tions in physiological movement analysis and offers valuable ref-

erence for wearable monitoring device development. Finally, al-

though the experimental outcomes of this study demonstrate the

effectiveness of the improved signal processing and analysis ap-

proach, we still require a larger sample size of signals to train our

computational method for improved universality and accuracy.
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