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ABSTRACT In recent years, many industrial facilities have been required to install sensing system to
monitor the health status of the equipment. Although the PC-based diagnosis system is a good alternative, it
undoubtedly increases the hardware cost greatly, and also causes restrictions on system assembly. In some
critical environments, installation of the PC-based system is not suitable because of high temperature, dust,
and humidity. On the contrary, a high mobility portable smart sensor will be relatively adequate for onsite
inspections. To solve this problem, we developed a low-cost embedded handheld smart sensor. Instead
of using sophisticated algorithms, certain frequently used statistic indicators are considered. Nevertheless,
due to the resource limitations of the embedded systems, it causes difficulty for real-time realization and
therefore, the recursive architecture of the statistic indicators is derived. These statistical factors are then
fed into a Gaussian classifier for online defect detection, which gives a great contribution to field operators
for onsite inspections. The highly integrated hardware/software co-design of the developed device provides
user-friendly and high mobility for field inspections. Finally, a practical industrial application regarding the
online diagnosis of a solenoid valve actuator defect is presented to demonstrate the effectiveness of the
developed embedded smart sensor.

INDEX TERMS Accelerometer, embedded system, industry smart sensor, online defect detection, recursive

algorithm, vibration.

L. INTRODUCTION

Embedded systems have been widely integrated in smart in-
telligent sensing system applications [1] owing to its high
security [2], compact size [3], efficient power consumption
[4], high stability and affordable cost. Moreover, owing to
the increment of the float point operation capability, em-
bedded systems can even be used to realize complex algo-
rithms [5], flight controls, sensor fusions, as well as online
diagnosis [3], [6].

Among many sensors, accelerometer is one of the very
common sensors used to diagnose the system status. Most
of the vibration-based fault detection methods use the ac-
celerometers as their main sensing sources. Owing to its
cost and size advantages, in many semiconductor indus-
tries, the micro-electro-mechanical-systems (MEMS) type

accelerometer [7] is already taken as the chief sensor for
machine actuator defect online detection. To achieve imme-
diate system monitoring and control process decision making,
vibration data analysis is supposed to be made as simple and
efficient as possible.

For vibration analysis [8], defect diagnosis [9], and oscil-
lation signal analysis [10] and control [11], [12], the well-
known frequency domain Fast Fourier Transform (FFT) is
usually applied [13]. However, both the hardware perfor-
mance, computational cost, and the demand for memory size
for storing vibration data is relatively high. These issues in-
spire us to develop an even more cost-efficient vibration ana-
lyzer to detect anomaly of certain actuators.

To replace the FFT employed by other vibration indica-
tors, some statistic vibration indicators are used frequently
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[14]. However, calculations of these performance indicators
within an interrupt routine could lead to interrupt dead-lock or
interrupt stack overflow. To solve this problem, we present
an efficient recursive computational architecture to compute
these vibration indicators including arithmetic mean, root-
mean-square (RMS), crest factor (CF), variance (VAR), stan-
dard deviation (STD), skewness (SK), and kurtosis (KT). It
will be shown that the recursive computation architecture can
be digested within a period of a single interrupt routine.

Contrary to the investigation targets of the works [15], [16],
the handheld vibration analyzer brought forth in this paper
focuses on the algorithm computational efficiency improve-
ment. Detailed derivations are also addressed. Moreover, even
though there already exist many different types of commer-
cial handheld vibration analyzers in the market, the prices
are usually not cheap and thereby they increase the devel-
opment and integration costs especially for mass production.
To solve these practical issues, this work presents the real-
ization of the low-cost handheld vibration analyzer, which
can be integrated into existing industrial machines for defect
detection.

For reproduction purposes, the proposed recursive algo-
rithm of these vibration indicators are first realized in an
easily accessible Arduino Due board, where the computation
core is a 32-bit ARM cortex-M3 84 MHz microcontroller.
Since vibration is the most widely used signal to detect the
mechanical faults, the work [17] investigated the fault fre-
quency components or vibration spectrum for fault diagnosis.
Therefore, FFT is also integrated into the 1% generation of our
vibration analyzer prototype. However, from the perspective
of end-users after a period of trial, it is even more preferable
if the analyzer is able to provide whether the system is anoma-
lous or not by using a simple defect flag “1” or “0” instead of
requiring field users to read the FFT spectrum will be the best
solution.

To meet this practical demand, the 2" prototype is further
refined by a size-smart and cost efficient embedded system to
realize the handheld vibration analyzer, where the computa-
tion core is a 32-bit ARM cortex-MO0 72 MHz microcontroller.
Moreover, for defect detection decision making purposes, a
Gaussian classifier is further developed. Finally, experiments
are conducted to verify the application for a solenoid valve
driven actuator fault online diagnosis. Note that the developed
handheld module can also be extended for the online diagno-
sis of actuator driven mechanical systems in other industrial
fields.

The main contribution of this paper include: derivations
of the statistic measurement indices in the recursive forms;
computational efficient embedded architecture for algorithm
realization; applying Gaussian classifier for detect detection;
hardware/software co-design of a low-cost handheld smart vi-
bration analyzer, and finally, a practical case study is presented
to validate the feasibility of the developed smart sensor. Put it
simply, the developed smart handheld vibration analyzer can
be used to detect whether an actuator, e.g., a solenoid valve, is
going to be defective.
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valve closed
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FIGURE 1. Operation concept demonstration of the solenoid valve
(adapted from Wikipedia).

Il. PROBLEM STATEMENT

High speed solenoid valves have been widely utilized in man-
ufacturing processes and semiconductor machines due to its
performance on the flow rate modulation. However, after a pe-
riod of operations, certain defects will be induced on the ma-
chines due to the high speed reciprocating operations. These
defects, which are invisible, result in the degradation of the
product line mass product quality; therefore it should be pre-
vented in advanced. From the viewpoint of real applications,
this studies focuses on the development of a smart embedded
real-time vibration analyzer for detecting the potential defect
of a high speed on/off type solenoid valve [18], which is
widely used in a semiconductor manufacturing processes. A
solenoid valve, as illustrated in Fig. 1, is an electromechani-
cally operated valve, which can be used to regulate a flow rate.

In many industrial manufacturing processes, the solenoid
valves are operated at a high on-off frequency in order to
ensure high product throughput. However, it has been found
that after a period of operations, certain tears and wears are
inevitably induced. Such the defects cannot be detected via
direct visual inspection. In order to address this issue, the
status of the solenoid valve needs to be monitored regularly.
For the sake of this demand, the developed vibration analyzer
will be integrated into the equipment.

The first generation of the vibration analyzer, which is illus-
trated in Fig. 2(a), is developed. The hardware configuration
of Fig. 2(a) mainly includes a vibration sensor, a TFT touch
screen, and a development board. The sensor considered in
this prototype is the analog output MEMS type ADXL-337
accelerometer, which is the same one applied in [3]. For the
development cost attenuation and easy reproduction for read-
ers, the well commercialized ARM cortex-M3 Arduino due
board is implemented. The total cost is less than 60 USD.

For vibration analysis, the microcontroller is applied to
realize the real-time FFT, where the sampling rate is 4 KHz.
Fig. 2(b) illustrates the FFT spectrum of a normal solenoid
valve. The main vibration peaks appear around 250 Hz,
500 Hz, 750 Hz and so on. In regard to the defected one, as
shown in Fig. 2(c), we can find that once the defect inside
the solenoid valve occurs, there came out a couple of extra
frequency clusters located at around 105 Hz, 125 Hz and
144 Hz appeared in the FFT spectrum. These clusters give
us a great insight for solenoid defect detection and for further
maintenance decision making.

Unfortunately, in practices, reading and understanding the
FFT spectrum challenge local inspectors. According to the
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(c). Abnormal solenoid valve FFT spectrum.

FIGURE 2. On-site experiment of a mechanical system for the solenoid
valve defect detection, (a) prototype of the handheld vibration analyzer,
(b) the normal FFT spectrum, and (c) the abnormal FFT spectrum.

preliminary result, it inspires us to further development an
even more cost-efficient and easy-to-read embedded device
that is able to deliver the message regarding the health sta-
tus of the solenoid valve without the use of the informative
FFT. As a result, in this study, some useful measurements
such as the time domain vibration indicators are used to
point out whether the operating solenoid valve needs to be
replaced.

Furthermore, according our past experiences returned by
field workers, the TFT touch screen usually causes an
anomaly after a period of usage. Second, it is electricity bur-
den such that a power bank is needed to support it endurance.
Third, the total weight is higher than 300 grams, which is
even heavier than a user-friendly smartphone. To remove these
drawbacks, a 2" generation handheld vibration smart sensor
is going to be presented.
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FIGURE 3. Real-time architecture in the embedded system.

The removal of the TFT touch can bring the following
advantages: 1). reducing the chance of malfunction occur-
rence, 2). reducing the total weight including power bank
removal, 3). reducing the total size, 4). Reducing the total
price. The cost saving is mainly contributed by discarding
the use of a TFT touch screen and a power bank. Based on
these advantages, the 2" generation smart sensor is able to
provide much better user-friendly usage experience. Since the
27 generation of the handheld vibration analyzer is without
the TFT touch screen, we integrated a Bluetooth device in it.
As aresult, the analyzer can send the diagnosis information to
our smartphone via Bluetooth connection.

IIl. REAL-TIME RECURSIVE STATISTIC INDICATORS
Practically speaking, undesirable vibrations can lead to accel-
erated aging and fatigue, which could be detrimental to the
machine’s life cycle. Defected solenoid valves could lead to
unstable flow control and thereby degrade the final product
quality. Therefore, monitoring and detecting such abnormal
vibrations would be indispensable. For this purpose, the well-
known FFT is usually applied first for prior analysis. Nev-
ertheless, FFT spectrum cause dramatic difficulty for onsite
inspectors to understand. To address this practical issue, we
tend to use other measurement indices, such as mean, RMS,
CF, VAR, STD, SK, and KT, are used to evaluate the level of
the vibrations.

Since the memory of a MCU is quite limited. Generation
of large size arrays causes memory burden. More importantly,
for the collected data arrays, the associated computations of
the measurement indices give rise to inefficient performance.

For the proposed real-time architecture, it consists of a
polling loop and a timer interrupt loop. The polling loop is
used to deal with the calculation of FFT while the interrupt
loop is used to receive the latest vibration data and calculate
the vibration indicators. Since there is only one core in the
MCU, it becomes a multi-task programming problem. Fig. 3
illustrates the main issue of the algorithm realization of the
indicators in an embedded system. As shown at the upper part
of Fig. 3, at every interrupt routine, if the MCU only considers
the latest data collection, then at a certain interrupt, computa-
tional time consumption of the statistic vibration indicators
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is going to be longer than a single sampling period. Put it
simply, the value of these statistic vibration indicators cannot
be refreshed within a single interrupt in-time. It could give rise
to unexpected interrupt dead-lock or interrupt stack overflow.

On the contrary, as shown at the lower part of Fig. 3, if the
value of the indicators can be updated at each interruption,
there is no need to create an extra array and the unstable
interrupt routine problem can be solved as well.

Therefore, in the following, computations of these statistic
vibration indicators are reconsidered and the corresponding
computations are going to be reformulated in terms of recur-
sive forms, which are very suitable for the realizations at each
interrupt subroutine in an embedded system.

A. RECURSIVE MEAN, RMS AND CF

For each timer interrupt, the latest accelerometer output data is
going to be measured by the MCU. Define the accelerometer
data as x;, then for a period of time, the mean value can be
computed by

] n
w= ;zxi (1)
=

where n represents the total size of the measurements. Appar-
ently, a large storage size is required to locate the historical
data. Moreover, the computation involves n — 1 additions,
which may not be realizable in-time within a single interrupt
cycle.

It is well known that (1) can be easily expressed as the
following recursive form

n—1 1
Mn—1 + X (2)

Mn =
n

Based on the recursive property, computation of (2) can be
easily digested within an interrupt cycle since it only requires
very few arithmetic operations.

For the RMS, the definition is

1 n 1
xzmszx/zzhl’“?:/;, (F+3++12) @

Similar to the procedure as the one presented in (2), define
a new variable as

1 n
wolya
n

i=1

n—1 1 2 2 2 L,

= — — (M Fnt )+ ox
n—1 L,

=—— AL+ @

Based on (4), the recursive form of (3) can be expressed as
x;ms — /x;yls (5)
For the CF, recall the definition, the formula is

Crp = x5 /xrms (6)
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where x%2 represents the maximum absolute value. There-
fore, for each timer interrupt, the calculation of recursive Cr
needs to detect the latest maximum value and to replace the
old one when a new maximum absolute data appears. That is,
the one-in-one-out criterion is used

x5 max <x“bs |x,-|> @)

max max?’

With the aid of (4), (5) and (7), it can be seen that the
CF defined in (6) can be refreshed immediately at each
interruption.

B. RECURSIVE VARIANCE AND STANDARD DEVIATION
Variance is also a widely used measurement index for vi-
bration analysis. The variation of vibrations responds to the
characteristics of mechanical structures and indicates how far
the systems deviate from the normal status.

By definition, the variance is

1 n
v () =~ (6 — )’ ®)
i=1

Once a bunch of data is gathered and stored in a large size
array, calculation of (8) proposes no difficulty. Nevertheless, it
will result in computation burden in view of a timer interrupt.
To address this issue, the recursive form is also studied. To
obtain the recursive formula, we consider an auxiliary variable
as follows

S=) (—p) ©)
i=1

It is obvious that once (9) can be calculated itera-
tively, the formulas for the recursive variance (8), as
well as the recursive standard deviation can be achieved
simultaneously.

For the n™ timer interrupt, (9) can be re-represented by

n—1

Sn = (X, — /JLn)2 + Z (X — 1 + pp—1 — Mn)z
i=1
n—1

= (o — )+ ) (i — 1)
i=1
n—1

+2(net = ) Y (5 — n1)

i=1

+ (= 1) (n1 — i) (10)
Also note that
—1

Sn—1 =212y (i —l,unl)z .

2 (-1 = pn) 0y (i — pp—1) =0
Eq. (10) and (11) yield the following recursive

update law

Sn=Su-14 Cn— ) + (1= 1) (n—1 — pa)®  (12)
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Hence, the recursive variance can be finally represented as

1
vy (X) :;'Sn
n—1 S, (x, —/1,)2 n—
= . + i ‘ + (Mn—l_ﬂn)z
n n—1 n
n—1 Xy — )2 n—1
= Up1 (x) + — . — + (n—1 — pn)*
(13)

where the recursive mean u, is already available from the
recursive mean as illustrated in (2).

Eq. (13) gives the recursive standard deviation without the
need of further derivation; that is

EY) (14)

oy =
C. RECURSIVE SKEWNESS AND KURTOSIS

Skewness and kurtosis are both useful indicators that quan-
tifies whether the histogram of the data distribution matches
the Gaussian distribution [19]. However, the recursive forms
of the skewness, as well as kurtosis, are often less studied.

In the following derivations, we are going to illustrate that
there exists strong connections between the recursive mean,
recursive variance, recursive standard deviation, and the re-
cursive skewness/kurtosis.

Recall the definition of skewness [19]

EGx—p)? 320 (i—p)
o3 - o3

sk = (15)

Based on the similar concept of the previous subsection,
define an auxiliary variable as follows

1 n
== (=)
n
i=1

It is clear that the recursive skewness is available as long as
the sum of the cubic terms S is obtained.

(16)

n—1

Z(xt MUn—1+ n— 1—,U.n)
—_— ——

1
S,i =—(x, — Mn)s
n i=1

A B

1 3
= —(x — n)” +
n

nl

+—ZA2+3BZ ZA (17
Note that
1 n—1 n—1
_—_— 3 _
Z_l_n—IZA’ .ZA_O
i=1 i=1
var,_; (x) = — 1)’ (18)
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Substituting (18) into (17) gives

n—1

! ) 1 3
S:t = 1 'S?,—l + ;(xn — n)

n 3(n—1 — pn) (n — 1)
n

V-1 (X)

+

(n—=1)
n

(-1 — 1tn)? (19)

As aresult, the recursive skewness can be expressed as
SK = §5/52 (20)

where o, is acquired from the recursive variance derived in
(13) and (14).
For the kurtosis, its definition [20] is

_ %Z?:l (xi —

o4

E(x —p)?

o _
K" = 4

21

o

Similarly, the recursive kurtosis is available as long as the
term

1 ¢ 4
== (i—mw (22)
n -
i=1
can be reformulated as a recursive form.
Examining (22), it is equivalent to
1 n—1
SZ= _(xn_,U«n)4 Z(x’ — Un—1+ KUn—1 _Mn)
n — —
B
1
1 iy 1 A* + 4A3B + 6A?B?
= ~(o =)' + §:<%m§+34 (23)

Based on the previous derived formulas, it can be found that

n—1

3,1=n_12A4 ZAB3_0

Sp—1 = - /,Lnfl)?,

— tne1)? (24)

v(x)n—l =

Based on (24), (23) is further simplified to

n—1 1
SZ = n 5371 + ;(xn - ,U«n)4

4(pp—1 — pp)(n—1)
+ n nn . ;l_l

N 6(fn—1 — pn)> (n—1)
n

V(X))

—1
(ftn-1 — pn)* (25)
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FIGURE 4. Pipeline of the recursive algorithm during each interrupt.

Therefore, the value of the kurtosis at the n" MCU interrupt
can be updated immediately by calculating

K =S3/0, (26)

The pipeline of the proposed recursive algorithm overview
is illustrated in Fig. 4, where the R-Mean, R-RMS, R-CF,
R-Var, R-Std, R-SK, and R-KT represent recursive mean,
recursive RMS, recursive CF, recursive variance, recursive
standard deviation, recursive skewness and recursive kurtosis,
respectively. Fig. 4 clearly shows that the R-SK and R-KT can
be easily obtained providing the R-Mean, R-Var, and R-Std
which are readily available.

In conclusion, once the latest vibration data is collected by
the MCU through an analog-to-digital converter (ADC) inter-
face at each timer interrupt, the related recursive algorithms
are executed and the values of the vibration indicators can be
immediately refreshed within a single cyclic interrupt.

Remark: Providing the conventional computation method
is applied, the seven indicators are calculated one-by-one. It
is time exhausted for a MCU to digest so many arithmetic
operations (ex. addition, subtraction, multiplication, division,
power, and so on) within a millisecond. On the contrary, by
using the proposed recursive method, it will be shown later
that the maximum time cost to update the indicators is only
145 microseconds. The significant contributions come from
the derived recursive formula of the indicators and the pipeline
presented in Fig. 4. It shows that not only the recursive forms
are used, many calculations can be re-used as well. This con-
figuration saves quite a lot time for real-time computation and
avoids memory burden in the resource limited low cost MCU.

IV. DEFECT GAUSSIAN MODEL CONSTRUCTION

Based on the recursive algorithms, a collection of statistical
data is available for defect model construction. For defect
model construction purposes, the measurements are collected
from a normal solenoid valve vibration data and from an ab-
normal one, respectively. A Gaussian classifier is considered,
where the probability density function (PDF) of a Gaussian is

474

[@MDensity of Normal SV
—PDF of Normal SV ||
— Density of Abnormal SV
X |—PDF of Abormal SV
w40 |
=}
o

20 - 1

ol I I I I I
0 1 2 3 4 5 6

Root Mean Square

\‘
@

a

[ Density of Normal SV 7!
—PDF of Normal SV
10 Density of Abnormal SV
|—PDF of Abormal SV

ol ydm

1.5 2 25 3
Crest Factor

(o)

[ Density of Normal SV
—PDF of Normal SV

Density of Abnormal SV
— PDF of Abormal SV

ol I L L =
14 15 1.6 17 18 1.9 2 21 22 23 24

KURTOSIS

(c)

FIGURE 5. Illustrated PDFs of the vibration indicators: (a) RMS, (b) CF and
(c) KT.

described by

2
_(x—ug) ) 27

1
P (xlug, 0d) = —eXp<
where g and og represent the set of the mean and standard
deviation of the vibrator indicators, respectively, which are

defined by

IMEAN > MRMS> MKCF > }

USTDs MVAR, MUSK, UKT (=7
OMEAN> ORMS> OCF» } '
OSTD> OVAR; OSK, OKT

WG = {MG eR¢

oG = {OG (S Rl

(28)
The associated PDFs, for example, RMS, CF, and KT, from
the seven indicators are illustrated in Fig. 5. For defect detec-
tion purposes, the selected indicators should be distinguish-
able between the normal condition and abnormal condition in
terms of the PDF. Apparently, these vibration indicators can
be used as the candidates for constructing the Gaussian clas-
sifier. Since the associated Gaussian model for each indicator
is obtained, it can be represented as a multivariate Gaussian
model as shown in Fig. 6.

V. DEFECT CLASSIFICATION PROBABILITY MODEL

During the online inspection, the handheld embedded vi-
bration analyzer should be able to provide information on
whether the actuator is healthy or not. Then the replace-
ment decision or a warning flag will be made accordingly.
Although in recent years, many different machine learning
skills were developed such as support vector machine [21],
convolution neural network [22], these methodologies usually
count on high performance computation units and thereby
inevitably raising the software/hardware cost. Moreover, the
training procedures of the aforementioned methods are hard
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FIGURE 6. Constructed multivariate Gaussian model for the 3D case
visualization.

to be realized in a low-cost embedded system. For engineering
practices, the main priority of this paper is to develop a cheap,
portable and with decision-making embedded device using a
low-cost and resource limited MCU. Therefore, the classifier
should be made as simple as possible. Based on these prac-
tical demands, the idea of the Gaussian Naive Bayes (GNB)
classifier [23] is adopted.

The GNB classifier is based on a conditional probabilistic
model, where the probability can be represented by

P(C,Nx
P (Cilx1,x2, - -+, xp) = P (Gi|x) = PGOx) (29)
P (x)
The Bayes’ rule shows that
P (Cilx) P (x) = P (x|C) P (Cy) (30)

Eq. (29) implies that given a sample, represented by a vec-
tor x including n features, to be classified, calculate P(Cy|x)
for each k possible classes denoted by Cy.

Applying the chain rule for (29) gives

P(CiNx) =P(xNGC)

:P(XI,)CZ,"' 7-xn’Ck)
=P(~x1|~x27"' wxnaCk)P(XZa”' ’xl'th)
=P(.X:]|x2,"‘ 9xnaCk)P(x2|x3"” ’xl'l7Ck)

- X P (xp—1 X0, C) P (xn| C) P (Cr) (31)

Consider that all the features in feature space x are mutually
independent, (31) can be simplified to

n
P(Cnx)=P(Co)-[]_ P&lC) (32)
i=1
Recall the conditional probability, it gives
P(xNCy) P (Cy Nx)
P (x|Cy) = = (33)
P(Cy) P(Cy)

From (32), (33) can be simplified to

P(Co) - [T P (xilCr)
P (Cy)

Px|CG) =
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=[]P&ilco

i=1

(34)

From (29) and (32), the probability of the classification
given sample data can be calculated with

P(Co) - [T=; P (xilCr)

P (Cylx) = P (35)
where
k
P(x) = Z P(xNCj)
j=1
- Z (P (xIC;) P (C))) (36)

Based on (36), the probability (35) of the classification can
be further represented by

P(C) - [Tz P (xilCr)

Y1 (P (xIC5) P (C)))
P T PilCo)
- k

Zj:l (H?:l P(xi|Cj)P (Cj))

In our application, there are only two outcomes and thus
k = 2. One of which is normal class C; and the other an

abnormal class C5. It can be shown that lec: 1 P(Cjlx) = 1.
The details are shown as below
k=2

k=2

S P (cix) = Z( ) TT, P (uiC) )
j=1 j=1 (Hz 1 P (ilCoP (C)))
_ P(C)-[Ti=; P xlCy)

[T2; P (ICDHP(C) + 112y P (xi|C2)P (Ca)

P(Cy)-[Tie; P (xilCa)
]_L L P (ICOHP (Cr) + [T P (] C)P (Cy)

=1 (38)

P(Gelx) =

(37

Therefore, (38) provides a useful index and can be used
to evaluate the health condition of the solenoid valve. Put it
simply, once the health condition of the solenoid valve goes
below to 0.5, the actuator defect flag “1” will be triggered.
In other words, for the proposed handheld vibration smart
sensor, the end-users do not necessarily need to read the
seven measurement indicators and they can make the mainte-
nance decision making immediately according to the classifier
return.

In practice, for our testing factory, there are experts who are
qualified to evaluate whether the solenoid valves are normal
or abnormal. Based on their specialty, these solenoids valves
are separated into two groups: normal and abnormal. The ab-
normal solenoid valves were obtained naturally evolved over
time. For the normal solenoid valve group and the abnormal
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TABLE 1. Status Normality and Abnormality Evaluation Criterion

Probability Normal Condition Abnormal Condition
Value P(C,|x) P(C,|x)
Threshold (04 1-a

one, we apply the same standard operation procedures. Mean-
while, the associated vibration data are collected correspond-
ingly for Gaussian classifier construction. Therefore, based on
the probability criterion table as shown in Table 1, the smart
sensor is able to evaluate the tested solenoid valve is normal
or abnormal.

For Table 1, a typical probability setting is “o = 0.5”. It
means once the probability of the normal condition is higher
than the probability of the abnormal condition, the fault flag
will be triggered. However, if « = 0.9 is set, it implies that
the tested solenoid valve must be very well-conditioned. Oth-
erwise, it will be treated as abnormal. On the contrary, when
a = 0.1 is set. Even if the status of the tested solenoid valve
is under degradation, it is still being treated as a normal one.
Under this situation, the fault alarm will not be triggered until
o < 0.1. In conclusion, the value of « is used to adjust the
conservativeness when evaluating whether the solenoid valve
is normal or not. Put is simply, the larger the «, the higher
the conservativeness.

VI. DIAGNOSIS PROCEDURE AND EMBEDDED SMART
SENSOR PROTOTYPE DEVELOPMENT

From the viewpoint of the practical usage procedures, the
users have to collect the vibration data coming from the nor-
mal solenoid valve and the abnormal one separately. When
constructing the diagnosis model, the vibration signal flow
is going to be fed into a 1% Order high pass filter in which
the high cut-off frequency is 1 Hz. The output of the filtered
vibration signals are then sent into the proposed recursive al-
gorithms as presented in Section III. The recursive algorithms
are executed on the raw data at 4 KHz interrupt and are used to
refresh the latest statistical value of the indicators every 0.25
seconds. The 4 Hz update rate is applied with the considera-
tion of end-users’ comfortability. Too fast update rate shown
on the smartphone screen will cause difficult and dizziness
to end-users. Based on the 4 Hz indicator update rate, the
recursive algorithms are once again applied for multivariate
Gaussian model constructions, which are represented in (27)
and (28). So far the training procedure is completed.

Next, the procedure will be switched to the testing mode.
An unknown signal flow collected from another solenoid
valve will be fed into the recursive algorithms and the re-
sulting value of the indicators are further sent to the pre-
trained Gaussian model. Next, the associated probability will
be evaluated using (37) and the actuator replacement decision
making can be made accordingly. Fig. 7 summarizes the above
procedures of the developed handheld vibration analyzer. All
the training and testing algorithms are realized in the em-
bedded system in terms of recursive architecture. Therefore,
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FIGURE 7. Flow chart of the defect detection algorithm in an embedded
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FIGURE 8. The 2nd generation of the handheld low-cost vibration
analyzer.

the online inspection-and-diagnosis device can be made even
cheaper, smaller, and smarter.

With the aid of the training/testing procedures designed in
the proposed smart handheld vibration analyzer, the end-users
do not necessarily need to read these measurement indicators
and they can make the maintenance decision making immedi-
ately according to the Gaussian classifier return. This mecha-
nism gives great contribution to fresh field operators who are
not with related system diagnosis training and mathematical
background.

In order to minimize the size and cost of the handheld
vibration analyzer, the 2"d generation vibration analyzer was
developed and is shown in Fig. 8, where the MCU is the
72MHz ARM Cortex-M4. An extra Bluetooth module is inte-
grated for future IoT use. The total weight including a 18650
battery is about 62 grams and the total hardware cost is less
than 30 USD.

To evaluate the proposed recursive algorithms as summa-
rized in Figs. 4 and 7 running in the 2"¢ generation vibration
analyzer, the execution procedure time cost was recorded.
Apparently, Fig. 9 shows that for the 4 KHz interrupt, the re-
cursive algorithms can be digested completely within 145 mi-
cro seconds. Therefore, to avoid interrupt stack overflow, we
set 250 microseconds for the interrupt routine. Based on this
interrupt setting, their remains 100 microseconds more left to
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FIGURE 9. Real time performance evaluation of the recursive algorithm in
an embedded system.

execute other data handshake and function creations for future
development.

Finally, to validate the feasibility of the 2" generation low-
cost handheld vibration analyzer, the device is integrated into
a solenoid valve based servo mechanical system for online
defect detection purposes. Since the solenoid valve is work-
ing with a high frequency and fast reciprocating behavior, it
causes wear and tear after a certain period of time usage. The
wear of the valve is going to deteriorate the final mass product
quality and therefore it should be prevented for quality control
purposes.

For our specific application in solenoid valve defect detec-
tion, we collected extra 100 data sets from other normal and
abnormal solenoid valves, respectively. Then, these data are
being classified by the procedures as illustrated in Fig. 7. Note
that the procedures are realized in the integrated embedded
system as shown in Fig. 8. So far, we can achieve almost 100
percentages correct classification rate, which demonstrates the
accuracy classification model. However, the perfect result may
come from that the testing samples remain limited. Moreover,
a corner case would be the early detection of a fault that
just begins to show some premature signs of failure. For this
corner case, if « = 0.5 is applied, the sensor will return “Nor-
mal”. For practical diagnosis, it is always difficult to define
a clear threshold when the solenoid valve is called abnor-
mal. The aforementioned perfect results may come from the
well-developed fault states of the solenoid valves provided by
local operators. Based on this situation, the fault can be distin-
guished easily. Even so, we can still expect that the accuracy
of the proposed method can achieve up to 95%. Experiments
testify the efficiency and feasibility of the proposed low-cost
handheld smart sensor.

VIil. CONCLUSION

In this paper, a computation efficient real-time diagnosis
computation architecture is presented and a low-cost real-
time handheld vibration analyzer is developed. The developed
smart device is able to achieve the actuator health status in-
spections. To evaluate the performance and the applicability
of the low-cost handheld smart sensor, it is integrated into
a solenoid valve driven servo mechanical system for online

VOLUME 2, 2021

diagnosis purposes. Under the restricted demands on the de-
velopment cost, size, weight and limited embedded system
computation memory resources, we developed a computa-
tional efficient real-time architecture and related recursive
formulas of vibrations indicators. The recursive algorithms
and the classification procedures have been successfully im-
plemented into a low-cost 2™ generation handheld vibration
analyzer. The developed handheld vibration analyzer can also
be extended for other mechanical systems for defect detec-
tion purposes. For the actuator defect detection application
considered in this paper, the outcome shows a good defect
classification performance. Experimental results demonstrate
the efficiency of the recursive computation architecture and
the feasibility for online defect detection. Owing to the high
integrated hardware/software co-design, the proposed smart
sensor is suitable for product commercialized.
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