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Abstract: Pulse wave signal sensed over the radial artery on the wrist is a crucial physiological
indicator in disease diagnosis. The sensor array composed of multiple sensors has the ability to collect
abundant pulse wave information. As a result, it has gradually attracted the attention of practitioners.
However, few practical methods are used to obtain a one-dimensional pulse wave from the sensor
array’s spatial multi-dimensional signals. The current algorithm using pulse wave with the highest
amplitude value as the significant data suffers from low consistency because the signal acquired
each time differs significantly due to the sensor’s relative position shift to the test area. This paper
proposes a processing method based on time series similarity, which can take full advantage of sensor
arrays’ spatial multi-dimensional characteristics and effectively avoid the above factors’ influence.
A pulse wave acquisition system (PWAS) containing a micro-electro-mechanical system (MEMS)
sensor array is continuously extruded using a stable dynamic pressure input source to simulate the
pulse wave acquisition process. Experiments are conducted at multiple test locations with multiple
data acquisitions to evaluate the performance of the algorithm. The experimental results show that the
newly proposed processing method using time series similarity as the criterion has better consistency
and stability.

Keywords: micro-electro-mechanical system (MEMS); flexible sensor array; time series similarity;
Dynamic Time Warping (DTW); pulse signal

1. Introduction

Like the electrocardiography (ECG) signal, the heart’s regular contraction and diastole produce a
pulse wave signal [1]. The pulse signal conducted by the blood flowing through the human body’s
various organs contains a wealth of physiological and pathological information [2,3]. The diagnosis of
diseases through pulse signals has not only been highly approved by traditional Chinese medicine
(TCM) but has also received increasing attention from modern medicine [4–6]. In TCM diagnosis,
the pulse wave collection position is mainly distributed in the radial artery area near the subject’s wrist.
As plotted in Figure 1a, along the direction from the palm to the arm, it is divided into three positions:
Cun, Guan, and Chi [7,8]. Usually, the pulse waveform is also related to the static force applied to the
test area, divided into three segments: Fu, Zhong, and Chen, according to the course of the force from
light to heavy, as shown in Figure 1b [8].
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However, this diagnostic method that relies on long-term training and rich experience has specific
subjective errors. Therefore, a digital acquisition system capable of objectively measuring pulse wave
signals has been proposed and studied. Various types of sensors, including piezoelectric [9–11],
piezoresistive [12–14], photoelectric [15–17], and ultrasonic [18,19] sensors, have been developed and
improved to capture weak pulse wave signals. With advances in sensors, manufacturing technology,
and signal processing methods, a wide variety of pulse wave acquisition systems have emerged [20–24].
The equipment used to assist TCM diagnosis has expanded from a single-probe type [25] to a three-probe
type [22,26] that can collect three positions of Cun, Guan, and Chi at the same time, and even reaches
a five-probe type [21]. The signal acquisition for a single test location is also updated from a single
sensor to a sensor array composed of multiple sensors [24,27].
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Figure 1. (a) Schematic diagram of the test locations of Cun, Guan, and Chi; (b) Diagram of different 

static pressure tests. 
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Figure 1. (a) Schematic diagram of the test locations of Cun, Guan, and Chi; (b) Diagram of different
static pressure tests.

By comparing and analyzing the difference between the pulse wave waveform collected by a
single sensor and the standard pulse waveform, it can assist the doctor in the diagnosis. However, it is
impossible to obtain spatially relevant information, such as the pulse wave’s length and width [8,25].
The acquisition system, including a sensor array, can acquire multi-dimensional pulse wave signals
in space and then calculate the pulse wave’s length and width characteristics to compensate for the
defects, as mentioned above [23,24,27].

However, there are few studies on how to obtain a single valid and stable pulse waveform from
multiple sensors [28,29]. Some researchers take the sensor with the highest amplitude value of the
collected signal in a single cycle as the representative sensor. Moreover, the signal collected by this
sensor is the effective pulse waveform of the whole sensor array [30]. Other researchers interpolate the
spatial multi-dimensional signals collected by the sensor array to obtain a 3D pulse waveform signal
map. The highest point in each three-dimensional pulse wave signal graph in one acquisition cycle is
extracted as the pulse wave signal of the entire cycle [24,27]. The dynamic force applied to different
sensors changes during multiple acquisitions due to slight differences in the test positions covered
by the sensor arrays. This results in an unbalanced shift in pulse wave amplitude between sensors,
with some sensors increasing and some decreasing pulse wave amplitude. The relative variation in
signal amplitude makes it meaningless to select the representative sensor with the greatest amplitude
or the effective pulse wave reference point.

This paper proposes a pulse wave processing method with waveform similarity as a criterion to
solve the above problem. First, the pulse wave is examined to select valid waveforms that remove the
effects of abnormal signals. Second, the similarity between the valid pulse wave signals is calculated
and ranked. Meanwhile, the average power of the effective pulse wave signals in a single acquisition
cycle is calculated and ranked. Then, based on the ranking results, the valid signals are linearly
adjusted. Finally, all the adjusted valid signals are linearly superimposed to complete the entire
algorithm. To verify the algorithm’s performance, an experimental scheme consisting of a pulse wave



Algorithms 2020, 13, 297 3 of 14

acquisition system (PWAS) and a single-point vibration system is designed. The former contains
an array of micro-electro-mechanical system (MEMS) sensors that can be used to acquire spatially
multi-dimensional signals. The latter acts as an input source for a stable pulse wave pressure.
Experimental results show that the new algorithm can well eliminate the effect of the relative position
shift of the test area and sensor arrays to obtain a stable and valid pulse waveform.

2. Materials and Methods

2.1. Pulse Wave Acquisition System

Figure 2a shows a PWAS consists of a sensor array module, a circuit module, and a program
module with a graphical user interface (GUI) [27]. The acquisition module converts the pulse signal
into a voltage signal, amplified and separated into a static force signal and a dynamic force signal by
the circuit module, and finally processed by the program module and displayed on the terminal screen.
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Figure 2. Acquisition devices for array sensor signals and single sensor signals. (a) Photograph of the
pulse wave acquisition system (PWAS); (b) schematic diagram of the circuit structure of the sensor;
(c) schematic diagram of the micro-electro-mechanical system (MEMS) sensor array; (d) photograph of
the single-point pressure vibration generator (SPVG).

The MEMS pressure sensor array, rigid plastic housing, and inflatable cuff comprise the sensor
array module. A MEMS pressure sensor chip (MPS20N0100D, MEMStek Co., Ltd.) was chosen as the
critical component to form the sensor array [27], as shown in Figure 2b. The maximum pressure it can
measure is 100 Kpa, which is more extensive than the range of static force variations. Non-linearity of
0.3% Full-scale (FS) and maximum stability of 0.2% Full-scale per year (FS/Y) guarantee the linearity,
consistency, and stability of the sensor chip. The sensor’s size is 5.5 mm× 3.6 mm× 4.5 mm, which makes
it possible to form high-density sensor arrays. The MEMS pressure sensor array consists of 12 MEMS
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sensors, divided into 4 rows and 3 columns, covering a test area of 18.6 mm × 20.3 mm. The housing is
curved to ensure adequate contact between the acquisition module and human skin and to ease the
testers’ discomfort during the acquisition process. Cuff with polyurethane foam to distribute pressure
evenly across the contact surface of the wrist and acquisition module. The inflated cuff can deliver a
stepped pressure of 10 to 210 mmHg. The cuff pressure exerted on the wrist of the subject gradually
increases in steps of 10 mmHg, each time stopping for a few seconds to collect both static and dynamic
force signals of the pulse wave. After completing the entire acquisition process, the cuff undergoes a
deflation process. The sampling frequency of the system is 218 Hz. Acquisition time is 15 s for each
set static force. For the convenience of expression, each sensor in the sensor array is named sensor 1,
sensor 2, sensor 3, . . . , sensor 12, in order of location, as shown in Figure 2c.

2.2. Single-Point Vibration Source Generator

This paper designed a single-point pressure vibration generator (SPVG) to investigate the
effectiveness and stability of different pulse wave processing algorithms during multiple tests. As shown
in Figure 2d, the SPVG consists of a vibration generator, a metal linkage, and a commercial pulse
measurement device. The vibration generator is driven by a motor and can be set by the frequency
generator to provide a vertical back and forth motion. The rigid metal connecting rod connects the
vibration generator and the signal acquisition system, acting as an intermediary for transmitting
vibration energy. Intelligent pulse meter ZM-300 [31,32], which conforms to the Chinese medical
pulse detector’s technical standard, is used to collect static force signals and dynamic force signals in
real-time. The ZM-300 includes a 3 mm × 4 mm probe, a pulse wave output interface, and a pulse
wave display interface. The probe consists of a single MEMS sensor that can measure static pressure
from 0–250 g and dynamic pressure from 0–50 g.

2.3. Spatial Multi-Dimensional Pulse Wave Signal Processing Method

The processing of a spatial multi-dimensional pulse wave signal is divided into two main modules,
as shown in Figure 3a. The first module focuses on removing noise and interference from the 12
dynamic pulse wave signals collected by PAWS using two sets of filters. The other module extracts the
one-dimensional pulse wave signal from the filtered array signal using various pulse wave processing
algorithms, as described in Figure 3b,d,e.

Pulse wave noise and interference consist of three main components: random noise, baseline
drift, and 50 Hz power line interference. Random noise, distributed over the entire frequency range,
is also present in the frequency band where pulse waves occur. Therefore, it is difficult to eliminate
the noise using frequency-based filtering. The Sym8 wavelet function is chosen as the wavelet base
to decompose the original signal into four layers. Hard threshold filtering is applied to each layer to
reduce the random noise energy effectively. During the test results, the baseline drifts partly from the
slow release of the sensor’s additional pressure during cuff pressurization and partly from the testers’
breathing. The former is below 0.1 Hz, while the latter is distributed in the range of 0.2 to 0.4 Hz.
A zero-phase shift bandpass filter with a bandwidth of 0.5 Hz to 40 Hz can remove baseline drift
and 50 Hz-frequency interference and avoid the relative shift of signal phase during filter processing.
The following part is a detailed description of Algorithm I, Algorithm II, and Algorithm III.

Algorithm I The processing flow of Algorithm I is shown in Figure 3b, where x1, x2, . . . , x12 is the
dynamic force pulse wave signal collected by 12 sensors. Max is the maximum value filter function,
and its output is the maximum value of the input signal and the index where the maximum amplitude is.
In an acquisition cycle, xi, j is the pulse wave signal value of the i-th sensor at the j-th sample point, i ∈M,
j ∈ N, where M is the number of sensors, and N is the number of sample points. The sample point ri
with the highest value of pulse wave amplitude is selected as a representative value of the i-th sensor by
comparing the values of N sample points on the i-th sensor. Each sensor has a representative point, so M
sensors have a total of M representative points. Comparing the above representative points, the aim is to
find the maximum value and the index of the sensor where the maximum value is located. The former is
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MAX the latter is m, as in Equation (1). The pulse wave signal collected by the m-th sensor during the
current acquisition cycle is used as the pulse waveform graph as shown in Equation (2).

MAX = max
i∈M
{ri} = max

i∈M
{max

j∈N
(xi, j)} (1)

y = xm (2)

Algorithm II Before Algorithm II processing, the M-channel pulse wave signal needs to be
reconstructed according to the spatial location of the acquisition sensor to facilitate interpolation fitting.
As shown in Figure 3c, the spatial coordinates of sensor 1 are (1,1); along the positive X-axis, the spatial
coordinates of sensor 4 are (4,1); and along the positive Y-axis, the spatial coordinates of sensor 9 are
(1,3). There is a total of M ×N sampling points in an acquisition cycle, where M is the number of
sensors, and N is the number of sampling points of a single sensor in the cycle.

Algorithms 2020, 13, x FOR PEER REVIEW 5 of 14 

𝑦 =  𝑥𝑚 (2) 

Algorithm II Before Algorithm II processing, the 𝑀-channel pulse wave signal needs to be 

reconstructed according to the spatial location of the acquisition sensor to facilitate interpolation 

fitting. As shown in Figure 3c, the spatial coordinates of sensor 1 are (1,1); along the positive X-axis, 

the spatial coordinates of sensor 4 are (4,1); and along the positive Y-axis, the spatial coordinates of 

sensor 9 are (1,3). There is a total of 𝑀 × 𝑁 sampling points in an acquisition cycle, where 𝑀 is the 

number of sensors, and 𝑁 is the number of sampling points of a single sensor in the cycle. 

  Senseor1

Wavelet 
Filters

Channel 1

Channel 2

Channel 3

Wavelet 
Filters

Wavelet 
Filters

Zero-phase-shift 
Bandpass Filters

Zero-phase-shift 
Bandpass Filters

Zero-phase-shift 
Bandpass Filters

Algorithm II

Algorithm I

Algorithm III

Multi-
channel 

Pulse 
Wave 

Signals

x1

x2

x12 Result 3

Result 2

Result 1

 
(a) 

Max

Max

Max

Max

m

x1

x2

x12

y

r1

r2

r12

MUX

 

Z

Y

Sensor 9   Location(1,3)

Sensor 1     Location(1,1)

Sensor 4   Location(4,1)

Sensor 12 Location(4,3)

 
(b) (c) 

Interpolation 
Fitting

Max

Sn,x,y

(p,q)

Sn,x,ySpatial 
Reorganization

x1

x2

x3

x12

 

𝒇(𝒙𝟏,𝒚𝟏) ⋯ 𝒇(𝒙𝟏, 𝒚𝟑)

⋮ ⋱ ⋮
𝒇(𝒙𝟒, 𝒚𝟏) ⋯ 𝒇(𝒙𝟒, 𝒚𝟑)

  

yMUX

 
(d) 

Figure 3. Cont.



Algorithms 2020, 13, 297 6 of 14

Algorithms 2020, 13, x FOR PEER REVIEW 6 of 14 

Power 
Sequence

Similarity 
Sequence

Energy 
Exchange

Linear 
Adjustment

Sum

x1

x2

x3

x12

y

Q1,Q2

L1,L2

 ⋯ , 𝒙𝒊, ⋯  

Time 
Domain 
Filtering

Frequency 
Domain 
Filtering

 
(e) 

Figure 3. (a) Schematic diagram of the pulse wave signal processing flow; (b) block diagram of the 

Algorithm I process; (c) schematic diagram of spatial reconstruction of arrayed pulse wave signals; 

(d) block diagram of the Algorithm II process; (e) block diagram of the Algorithm III process. 

𝑓(𝑥, 𝑦)  =  ∑∑𝑓(𝑥𝑖 , 𝑦𝑗)𝑊(𝑥 − 𝑥𝑖)𝑊(𝑦 − 𝑦𝑗)

3

𝑗=0

3

𝑖=0

 (3) 

𝑊(𝑥)  =  {
(𝑎 + 2)|𝑥|3 − (𝑎 + 3)|𝑥|2 + 1        |𝑥| ≤ 1        

𝑎|𝑥|3 − 5𝑎|𝑥|2 + 8𝑎|𝑥| − 4𝑎          1 < |𝑥| < 2
0                                                             𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒 

 (4) 

𝑀𝐴𝑋 =  𝑠𝑝,𝑞  =  𝑚𝑎𝑥
𝑛∈𝑁

{ 𝑚𝑎𝑥
𝑥∈𝐸,𝑦∈𝐹

𝑆𝑛,𝑥,𝑦} (5) 

𝑦 =  𝑆𝑝,𝑞 (6) 

The Bicubic Interpolation Algorithm [33] is implemented using a convolutional operation as in 

Equation (3) to compute the point 𝑓(𝑥, 𝑦) to be interpolated, where 𝑓(𝑥𝑖 , 𝑦𝑗) is the 16 neighborhood 

points in the vicinity of 𝑓(𝑥, 𝑦) . 𝑊(𝑥)  in Equation (4) implements the convolutional kernel in 

Equation (3), and 𝑎 is typically −0.5. For each acquisition moment, 𝐸 points are interpolated in the 

x-direction and 𝐹  points are interpolated in the y-direction, producing a total number of 𝐸 × 𝐹 

interpolation points, which are then fitted to the 3D pulse wave signal 𝑆𝑥,𝑦 . 𝑥  and 𝑦  are the 

horizontal and vertical coordinates of the interpolation point 𝑆𝑥,𝑦 , with 𝑥 ∈  𝐸  and 𝑦 ∈  𝐹 , 

respectively. 𝑁  samples can be interpolated to get 𝑁  3D pulse waveforms 𝑆𝑛,𝑥,𝑦 , 𝑛 ∈  𝑁 . Like 

Algorithm I, the point s with the highest amplitude value in each pulse waveform graph is used as 

the representative point. Therefore, there are a total of N representative points. As shown in Equation 

(5), the spatial coordinates (𝑝, 𝑞) of the maximum value and the corresponding maximum value are 

recorded by comparing the values of 𝑁 representative points sequentially. In one acquisition cycle, 

the one-dimensional pulse wave signal 𝑆𝑝,𝑞  of the sensor array is formed by N points with 

coordinates (𝑝, 𝑞) in the pulse waveform 𝑆𝑛,𝑥,𝑦, as in Equation (6). 

Algorithm III The information carried by a single sensor pulse wave is limited and is susceptible 

to the influence of the sensor array’s position relative to the radial artery test area. Linear synthesis 

of multiple sensors can reduce the influence of a single sensor and increase the pulse wave acquisition 

system’s gain. 

However, due to the area covered by the sensor array, which exceeds the test area, some of the 

sensors can only collect ambient noise and interference. Suppose the data from sensors are added to 

the data set. In that case, the pulse’s characteristics will be affected, and the reliability of the diagnosis 

will be reduced. Therefore, it is necessary to identify the effective pulse waveform before synthesizing 

the signal. Valid and invalid signals have many different characteristics in the time domain, as shown 

Figure 3. (a) Schematic diagram of the pulse wave signal processing flow; (b) block diagram of the
Algorithm I process; (c) schematic diagram of spatial reconstruction of arrayed pulse wave signals;
(d) block diagram of the Algorithm II process; (e) block diagram of the Algorithm III process.

f (x, y) =
3∑

i=0

3∑
j=0

f
(
xi, y j

)
W(x− xi)W

(
y− y j

)
(3)

W(x) =


(a + 2)|x|3 − (a + 3)|x|2 + 1 |x| ≤ 1
a|x|3 − 5a|x|2 + 8a|x| − 4a 1 < |x| < 2
0 otherwise

(4)

MAX = sp,q = max
n∈N
{ max
x∈E,y∈F

Sn,x,y} (5)

y = Sp,q (6)

The Bicubic Interpolation Algorithm [33] is implemented using a convolutional operation as in
Equation (3) to compute the point f (x, y) to be interpolated, where f

(
xi, y j

)
is the 16 neighborhood points

in the vicinity of f (x, y). W(x) in Equation (4) implements the convolutional kernel in Equation (3),
and a is typically −0.5. For each acquisition moment, E points are interpolated in the x-direction and
F points are interpolated in the y-direction, producing a total number of E × F interpolation points,
which are then fitted to the 3D pulse wave signal Sx,y. x and y are the horizontal and vertical coordinates
of the interpolation point Sx,y, with x ∈ E and y ∈ F, respectively. N samples can be interpolated to get
N 3D pulse waveforms Sn,x,y, n ∈ N. Like Algorithm I, the point s with the highest amplitude value
in each pulse waveform graph is used as the representative point. Therefore, there are a total of N
representative points. As shown in Equation (5), the spatial coordinates (p, q) of the maximum value
and the corresponding maximum value are recorded by comparing the values of N representative
points sequentially. In one acquisition cycle, the one-dimensional pulse wave signal Sp,q of the sensor
array is formed by N points with coordinates (p, q) in the pulse waveform Sn,x,y, as in Equation (6).

Algorithm III The information carried by a single sensor pulse wave is limited and is susceptible
to the influence of the sensor array’s position relative to the radial artery test area. Linear synthesis of
multiple sensors can reduce the influence of a single sensor and increase the pulse wave acquisition
system’s gain.

However, due to the area covered by the sensor array, which exceeds the test area, some of the
sensors can only collect ambient noise and interference. Suppose the data from sensors are added to the
data set. In that case, the pulse’s characteristics will be affected, and the reliability of the diagnosis will
be reduced. Therefore, it is necessary to identify the effective pulse waveform before synthesizing the
signal. Valid and invalid signals have many different characteristics in the time domain, as shown in
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Figure 4a,c. The former has periodic peaks and troughs, and the time interval between adjacent peaks is
within a specific range. Considering the human heart rate range of 55–160 beats/min, the lower limit of the
time interval between adjacent peaks is 0.38 s and the upper limit is 1.09 s [34]. As shown in Figure 4b,d,
the valid pulse wave signal’s spectral distribution is quite different from the invalid signal is. The spectral
energy of the invalid signal is concentrated near 0 Hz. The energy of the effective signal is distributed
in the range of 0.5 Hz to 25 Hz and is concentrated at a few specific frequency points. The signals are
examined in the time and frequency domains, respectively, as in Equations (7) and (8). where T is the time
interval between adjacent wave peaks, f is the frequency, and max is the frequency value at which the
spectral energy is maximum. Only pulse wave signals that satisfy both conditions are valid.
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Figure 4. Signals and their spectra: (a) time domain diagram of valid pulse wave signal; (b) frequency
domain diagram of valid pulse wave signal; (c) time domain diagram of noise signal; (d) frequency
domain diagram of noise signal.

0.38 s ≤ T ≤ 1.09 s (7)

max( f ) , 0 (8)

In the time series signals analysis, the Dynamic Time Warping (DTW) algorithm is often used to
calculate the similarity between two time-series signals [35,36]. The data collected from the MEMS
sensor is based on a time series, so it is natural to use the DTW algorithm to calculate and measure the
similarity of the pulse wave signal. The length of the time series X is m, and the length of the time
series Y is n. The similarity distance between the two time series is distm,n. Equation (11) is the iterative
formula of the DTW algorithm, in which disti, j is the DTW distance between a point i on the time series
X and a point j on the time series Y, and d

(
xi, y j

)
is the Euclidean distance between these two points.

X = {x1, x2, x3, . . . , xm} (9)

Y =
{
y1, y2, y3, . . . , yn

}
(10)
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disti, j =



0, m = n = 0
∞, m = 0|n = 0

d
(
xi, y j

)
+ min


disti−1, j
disti, j−1

disti−1, j−1

other
(11)

Pi =
1

T0

∫ T0

0

∣∣∣xi(t)
∣∣∣2dt (12)

y =
Pi
P j
∗ x j ( j = L2(k); i = P2(k); k = {1, 2, . . .}) (13)

y =
12∑

i=1

f (xi) ∗ g(xi) ∗ xi (14)

The similarity matrix R was calculated using the DTW algorithm based on the data from the
valid waveform. The similarity is sorted from largest to smallest to obtain the ranking vector L1 of
the waveform signal similarity and the ranking vector L2 of the corresponding subscript. A similar
approach was sampled to deal with the average power of the pulse wave over a single acquisition
period, a parameter that describes the pulse wave’s energy per unit of time as in Equation (12). Q1 is
the average power ranking vector of M sensors and Q2 is the ranking vector of the corresponding
subscript. L2 and Q2 are not identical. The former is related to the array sensor’s overall pulse
waveform, while the latter is related to the amplitude of the pulse wave signal. To correct the mismatch
between similarity and average power, a linear approach shown in Equation (13) was used. The linear
coefficients are related to the similarity ranking vector L2 and the average power ranking vector Q2,
where i and j are the values of the k-th element in Q2 and L2, respectively. Pi and P j are the elements in
the ordering vector Q1. For a signal with high similarity and low average power, the subscript of the
average power sequence is necessarily more incredible than the subscript of the similarity sequence,
so Qi > Q j. The linear adjustment results in an increase in the average power of pulse waves with high
similarity, a decrease in the average power of pulse wave signals with low similarity, and no change in
the two’s overall average power. The elements in L1 are traversed sequentially, adjusting the data for
the effective waveform linearly until L2 and Q2 are identical.

In summary, the entire processing of Algorithm III, as described in Equation (14). f (x) is a
discriminant function of pulse wave signal validity, which results in only 0 or 1, g(x) is the linear
adjustment factor calculated from the similarity ranking vector and the average power ranking vector,
xi is the pulse wave signal collected by PAWS.

3. Experimental Results

In order to assess the performance of the above methods, multiple repetitions of the test in different
test areas are employed under certain standard conditions. The pulse waveform calculated by the
pulse wave processing method is theoretically the same as the standard input waveform in two aspects.
On the one hand, the method-processed waveform has the same trend as the standard input waveform,
which means that the two waveforms are very similar. Consistent with the above, the DTW distance
was used to assess the similarity of the two waveforms. On the other hand, the energy of both is
identical. Define the gain of the algorithm as the ratio of the energy of the processed signal in a single
acquisition cycle to the energy of the standard input signal, as shown in Equation (15), where x(t) is
the standard input signal acquired by the ZM-300, y(t) is the processing results of the above method,
and T0 is an acquisition cycle. The smaller the energy difference between the processed signal and the
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standard input signal, the closer the system’s gain is to zero. Thus, the degree of energy change after
processing by different algorithms can be assessed by gain.

Gain = 10 ∗ log(

∫ T0

0

∣∣∣y(t)∣∣∣2dt∫ T0

0

∣∣∣x(t)∣∣∣2dt
) (15)

An SPVG consisting of the ZM-300, periodically squeezing the PAWS’ MEMS sensor array, is used
to simulate the pulse wave signal input, as shown in Figure 5a. In Equation (16), the force tested by the
sensor in ZM-300 is FZM−300 and the force tested by the sensor array in PAWS is FPWAS. The single-point
vibration signal acquired by the former acts as a standard input signal. xZM−300 is the pulse wave signal
collected by ZM-300 and xi is the pulse wave correspondingly collected by the i-th sensor in the PAWS
sensor array, as shown in Equations (17) and (18). A and Ai are the amplitude of the waveform, ω is
the vibration frequency, t is the time, and ϕ is the initial phase. The pulse waveform collected by both
are almost identical, only differing in amplitude. Figure 5c shows the dynamic pressure waveform
collected by the PAWS sensor array.
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Figure 5. (a) Diagram of SPVG and ZM-300 mutual extrusion; (b) diagram of the test area at three
different locations on the PAWS sensor array; (c) pulse waveform graphs collected by twelve sensors
in the PAWS sensor array; (d) at location 1, waveforms of the standard input signal and the signal
processed by the three algorithms.

As shown in Figure 5b, the SPVG probe’s center is sequentially changed to align at location 1,
location 2, and location 3 of PAWS’ sensor array. Six consecutive trials were conducted at each test
position to verify the test’s repeatability, just like the method described above. Setting the pressure
and vibration frequency of the SPVG to be the same in each experiment ensures the standard input
signal’s consistency over multiple experiments. Comparing the algorithm’s processing results and the
standard input signal will evaluate the algorithm’s performance.

FZM−300 = −FPWAS (16)

xZM−300 = Asin(ω ∗ t + ϕ) (17)

xi = Aisin(ω ∗ t + ϕ) (18)
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In Figure 5d, the blue curves are the standard input signals collected by the ZM-300 at position 1,
while the rest are the signal curves processed by the three methods. The waveforms processed by the
three algorithms have very similar trends to the standard input signal waveforms, and their phases
and frequencies are the same.

The six replicated experiments’ standard deviations were 7.2%, 7.0%, and 8.3% at the three
test positions, respectively, indicating good repeatability. As shown in Table 1, the DTW distances
between the three algorithms’ processing results and the standard input signals are quite different.
Both Algorithm I and Algorithm II have large DTW distances, while Algorithm III has the smallest
DTW distance. Additionally, the gain of different algorithms varies, as shown in Table 2. The gain
of Algorithm III is closest to zero, meaning that Algorithm III has the least energy loss in processing
results relative to Algorithms I and II.

Table 1. Dynamic Time Warping (DTW) distance of Algorithm I, II, and III processed results with
standard input signals.

Algorithm I Algorithm II Algorithm III

Position 1 10.95 10.74 2.38
Position 2 12.48 11.99 2.37
Position 3 10.81 10.81 2.34

Table 2. The gain of Algorithm I, II, and III processed results relative to the standard input signals.

Algorithm I Algorithm II Algorithm III

Position 1 −20.68 −20.17 −1.28
Position 2 −25.24 −23.70 −0.87
Position 3 −20.76 −20.76 −0.80

4. Discussion

This article is intended to provide a novel multi-dimensional composition method based on time
series similarity. In order to test the stability and validity of the new algorithm, the methods used by
previous workers were summarized in Algorithm I and Algorithm II and analyzed in the same set of
collected data [24,27,30]. As mentioned above, we describe and evaluate the algorithms’ characteristics
in two ways: the degree to which the processing result of the algorithm is close to the standard input
signal, including DTW distance and gain; and the magnitude of the change in the processing result of
the algorithm in different test areas.

As shown in column 2 of Table 1, the DTW distances between the processing results of Algorithm
I and the standard input signal are all greater than 10. Simultaneously, Algorithm II processes very
close to Algorithm I, which also has a DTW distance of more than 10, shown in column 3 of Table 1.
In contrast, the processing results of Algorithm III are more similar to the standard input signal, with a
DTW distance between them of less than 3. The minimum gain value for Algorithm III is −1.28 dB,
while the maximum gain value for Algorithm I and II is less than−20 dB, as shown in Table 2. Therefore,
Algorithm III outperforms both Algorithm I and II for the property of gain between the algorithm’s
processing results and the standard input signal.

Comparing the processing results under different test regions reflects the relevance of the
algorithm to the test region. The DTW distances between Algorithm I’s results and the standard input
signals are 10.95, 12.48, and 10.81 at the three test positions, respectively, which change considerably.
Simultaneously, Algorithm I has a more remarkable change in gain at the corresponding test location,
−20.68 dB, −25.24 dB, and −20.76 dB, respectively, as shown in column 2 of Table 2. Therefore, there is
a strong correlation between the processing results of Algorithm I and the test location. Based on the
same evaluation method, there is also a correlation between the processing results of Algorithm II and
the test location. However, the performance of Algorithm III is more stable under different test regions.
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The DTW distances of Algorithm III are 2.38, 2.37, and 2.34 at the three test regions, which is almost
indiscriminate. The gain of Algorithm III is also a little changed at all test regions.

Here, we illustrate the variation in sensor test states under different test regions, partly explaining
the above algorithms’ performance differences. Figure 6 depicts a schematic representation of the
sensor contact between SPVG and PAWS at different test positions. At location A, the ZM-300 is in
contact with sensor 1, sensor 2, and sensor 3. As in Equation (15), the sum of the dynamic forces tested
by the PAWS’ sensors is the same as the ZM-300. The dynamic force ratios to total dynamic force tested
by sensor 1, sensor 2, and sensor 3 were 10%, 80%, and 10%, respectively. The signal measured by
sensor 2 has the highest amplitude value. Therefore, sensor 2 is selected as the representative sensor
in Algorithm I, and the pulse wave data collected by sensor 2 is the processing result of Algorithm I.
At location B, the ZM-300 is only in contact with sensors 2 and 3, and the latter two share 60% and
40% of the dynamic force. Sensor 2 will continue to be considered as a representative sensor for the
entire sensor array in the processing of Algorithm I. However, the dynamic force tested by Sensor 2 has
changed, from 60% of the total dynamic force to 80%. Either at position A or position B, Algorithm’s
representative sensor I acquires only a portion of the entire pulse signal, 80% in the former, and 60% in
the latter. Therefore, the energy of Algorithm I’s result is less than the standard input signal, which is
why the gain value of Algorithm I is less than zero. Furthermore, since the standard input signal’s
amplitude is the same at both position A and position B, there is a massive difference between the
calculation results of Algorithm I at position A and position B.
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Since Algorithm II also uses magnitude as an indicator, the reference point is concentrated on
sensor 2 at both A and position B positions. Thus, there is some difference between the processing
results of Algorithm II and the standard input signal. Subject to the test data of sensor 2, Algorithm II
has different calculations at position A and position B. The effect of Algorithm II is very similar to that
of Algorithm I.

The processing of Algorithm III takes advantage of the spatial characteristics of the array sensors
to extract as much commonality and retain all valid data information as possible. First, at position A,
algorithm III considers the acquisition results of sensor 1, sensor 2, and sensor 3. Algorithm III was
linearly adjusted to obtain a waveform that was as similar as possible to the standard input signal.
Finally, linear synthesis ensures that there is not much energy lost during the processing of Algorithm
III. As a result, Algorithm III’s processing is much closer to the standard input signal, both in waveform
shape and energy. The same standard input signal at different positions ensures that Algorithm III’s
results are also nearly similar. Compared to Algorithm I and Algorithm II, Algorithm III has good
robustness at position A and position B.
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5. Conclusions

A one-dimensional pulse wave signal extracted from a spatial multi-dimensional signal collected
by a pressure-based sensor array is beneficial for disease diagnosis. However, the existing methods
have some shortcomings, and the processing results in the multiple acquisition process are not the
same. Therefore, this paper proposes a novel multi-dimensional composition method based on time
series similarity. The new method includes filtering, effective waveform screening, linear adjustment,
and linear synthesis to obtain stable results under different test regions. Design a simulated pulse wave
acquisition experiment composed of PAWS and SPVG, which is repeated tests in different positions to
verify three algorithms’ performance. The experimental results show that the proposed method can
virtually reproduce the standard input waveform well and has the right consistency and stability.

In summary, the new method is a suitable replacement for the previous method, thus providing
physicians with a better basis for pulse wave diagnosis. We will continue to improve the algorithm’s
reliability by adopting a more refined modeling approach in future work. We also believed that this
work would help in the promotion of pulse-wave-assisted diagnosis.
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