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There is a lack of study on fault detection methods of medical equipment at home and abroad. The main reason is that the research
of fault features is diverse and not systematic. This paper aims to propose a fault recognition method for medical equipment
combining the electrical performance parameter features with fault events. First, it treats the equipment as a whole system, setting
up the analysis model. Then, we are going to analyze the signal for indicator. This paper chooses the multi-index electrical
performance parameters (MEPP) method for the fault identification an indicator. It is proved that the electrical performance
signal can evaluate the status of equipment. Thus, it can also be used to recognize the fault or other working statuses. Then, the
features of current, voltage, and power are studied exhaustively using a mathematical model. After that, the weight of each
parameter feature in any specific event will be determined according to the influence of each parameter feature on fault events.
At that time, the recognition method basically realizes the correlation between multi-index features and fault events through
weight. Next, the above method needs to be verified in the experiment. This paper chooses six monitors for setting the rules of
normal status. The normal status is the baseline for fault identification. Then, feature intervals of other faults are established around
this reference. Finally, each feature interval will be constantly adjusted to meet the preset recognition rate and updated to the rules
in the subsequent measurement. In this paper, 10 monitors are selected as samples to update a set of basic fault judgment rules
based on MEPP, and by adjusting the overlapping interval, the fault recognition rate reaches more than 90% in this study. To sum
up, this paper uses the MEPP method to find out the relationship of features of current, voltage, and power with fault events. It will
become a new direction for fault recognition studies on electrical medical equipment and other device.

1. Introduction

The current fault diagnosis technology usually applies the
equipment status of physical features from events or historical
status knowledge to evaluate the equipment status through
certain analysis methods (such as analysis of signal proces-
sing) [1, 2]. It is actually a direct evolution from the artificial
fault diagnosis method. However, there are obvious differ-
ences of fault recognition between the artificial and the
machine, especially in the means of fault feature extraction
and analysis. The current fault diagnosis technology in aca-
demic research is not effective. The main reason is that it is
not a closed loop because the study of the fault characteristic
principle is not enough, and the traditional preparation con-
ditions for measurement are high. For example, Song et al. [3]

proposed a kind of intelligent identification method based on
deep learning fault diagnosis technology. Although it requires
the assistance of mathematical models a little, but it needs
long-term knowledge, high requirements for engineers, time
of constructure and verification methods. The research of
fuzzy fault detection for industrial equipment has been able
to meet the requirements. For the accurate fault identification
of electrical equipment, it needs to be further deepened in all
aspects of design [3]. Another example is Liu et al.’s [4]
research that the rule of fault diagnosis method is based on
general expert knowledge, which combines expert experience
for fault diagnosis. It expresses the previously input experi-
ence knowledge through one or several ways and translates it
into the machine according to the artificial reasoning technol-
ogy and diagnosis strategy for machine fault recognition [4].
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For medical equipment, Li et al. [5] proposed the fuzzy decision
method and association mining method by using the data
OFWSC algorithm. It is a kind of improved method for event
association [5]. The above methods are similar. It is currently a
mainstreammethod of fault recognition using the association of
expert knowledge. Although in recent years, the development of
artificial intelligence technology has promoted the development
of fault diagnosis technology from traditional technology to
intelligent technology, and artificial intelligence has gradually
replaced artificial detection, the theoretical research of fault iden-
tification is still weak, and the theoretical research needs to estab-
lish a certain mathematical model [6–9].

Another research topic is to establish the mathematical
model of the medical equipment through the electrical,
acoustooptic, and other physical feature parameters of the
medical equipment. Then, some researches discuss the spe-
cific features of the medical equipment which cannot work
normally in theory. Zhang et al. [10] chose to research the
status of the power supply circuit module, and use feature
fusion to extract morphological features and temporal fea-
tures. It still combines applying fault recognition with corre-
lated events. However, this research has the establishment of
mathematical models to achieve feature extraction. It needs
to be very familiar with the structure of the specific equip-
ment if it is necessary to apply it by the research. This
research also shows the professional degree of power supply
circuit modules to analyze accurately [10]. This team has
done a lot of research on the signal output of devices, reflect-
ing the current research upsurge upon fault identification
through components [11–13]. However, component detec-
tion is of great help to analyze theoretically and theoretical
model building. However, there are few related researches,
and the implementation is relatively complex, which requires
medical researchers being professional in electrical theory
knowledge and structural modules of equipment.

In actuality, event correlation and mathematical model-
ing complement each other’s shortcomings during the course
of fault recognition research, representing theoretical explo-
ration and practical experience, respectively. To address the
aforementioned issues, further improvements in fault recog-
nition and judgment methods are required. In the past, the
study of medical equipment fault events had been correlated
with the electrical performance by anyone. In this paper, a
new fault recognition method combining electrical charac-
teristics with fault events is proposed. Initially, the paper
scrutinizes the characteristics of the output signal of medical
electrical equipment, taking the moniter as an example, and
extracts the features of its output signal. Additionally, a fault
detection method based on multiple parameters is proposed,
utilizing three types of electrical signals commonly generated
by equipment: current, voltage, and power, for acquisition
and processing. These signals embody the electrical perfor-
mance features of the equipment during shutdown and
standby states. Through the decomposition of a signal math-
ematical model, the theoretical expression formulas for three
types of electrical performance parameters are derived. Sub-
sequently, the paper utilizes different signal features to rep-
resent distinct equipment states and verifies this through

actual measurements of normal and faulty states on other iden-
tical model equipment. Ultimately, the relationship between
faults and features is investigated.

2. Theoretical Basis Research

2.1. Preliminary Basic Experiment. Fault recognition research
can combine the electrical performance parameters with the
fault features. As the current of some medical equipment is
an example, its signal is shown in Figure 1.

The data of the electrical performance parameters is
almost stable. However, the stability will be determined by
the robustness of the outer sensors, which leads to the con-
vergence rule of the different status from multiple equipment
of the same brand and specification.

We’re guessing that the output signal of current is a
constant when some medical equipment is in the steady
status. To prove it, this paper designs an experiment. Taking
the monitors as an example, they list some of the status of
normal equipment to measure the current. Then, we list a
kind of faulty equipment to check whether the current signal
performs as the normal one. It is shown in Figure 2.

Figure 2(a) shows the current signal of a certain type of
monitor in different statuses. The horizontal axis means
sampling points, and it represents the frequency of 3Hz
(every three points equal to 1 s). The vertical axis is the
current A. Each stage of the signal in Figure 2(a) represents
the running status as follows: ① represents power off,
② represents power-on moment, ③ represents standby,
④ represents noninvasive blood pressure testing; ⑤ repre-
sents a fault: the display is powered off, ⑥ represents that
the equipment restarted under this fault, ⑦ represents that
the display still power off, ⑧ represents another fault: the
main control board failed. Figure 2(b) shows the current
value under the on/off status of the monitor, with the main
control board faulty and the normal one on the same model
(high level is power on, low level is power off ). From
Figures 2(a) and 2(b), it can be seen that the electrical per-
formance features of the equipment will indicate the statuses
of the equipment. The change of status will also lead to the
change of electrical signal. The mean value can be used as the
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FIGURE 1: Monitors cable fault and normal.
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feature parameter because of the steady status of the electri-
cal signal output.

After calculating and analyzing a large number of data
collected from preliminary experiments, we have obtained
the fault performance of the monitor known is obtained
and summarized it with features of current in Table 1.

Among them, each status has a fluctuation range. Accord-
ing to the current measured data, the fluctuation range is less
than 2%. The accuracy of judging some faults can be more
than 90%, such as the main cable fault and the mainboard
fault. However, this method is not convinced to judge the
other faults like air pump faults. The computer will not calcu-
late the point falling in the threshold range of standby or
shutdown only, but also in “standby+ shutdown”meanwhile.
It proves that the current signal of equipment working in each
stable status is almost a straight line.

2.2. Theoretical Model. It can be seen from the basic circuit
calculation formula U ¼ I2R that the smaller the resistance of
the equipment at rated power, the greater the current is. From
Figures 1 and 2, this kind ofmedical equipment can be simulated
as a linear systembecause the signal can be changed by the status.
Besides, it can be seen fromFigure 2(a) that the feature of a signal
can be related to the changes of status. It conforms to the law of
linear systems and the basic electrical formula [14].

According to the medical equipment characteristics, the
total signal output of medical equipment can be simulated

into two categories—the sum of output from the actuator
system and the sensor system that these two systems generate
time-related signals, respectively. When the fault occurs, the
faulty signal is superimposed into the total signal output by
the equipment according to linear system characteristics
[15]. The medical equipment can be simulated in Figure 3.

However, the output signal of the device is difficult to obtain
directly. It needs to be collected by external sensormeasurement.
At this time, the external sensor, as an independent system, will
also cause the new signal component, which will be superim-
posed into the entire output of the system to form a kind of
output signal named observation signal output. The observation
output signal can be expressed as follows:

y tð Þ ¼ Ax tð Þ þ Bu tð Þ þ R1f tð Þ þ Cm tð Þ; ð1Þ
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FIGURE 2: Current of monitor: (a) monitor under different working conditions; (b) current of normal and faulty equipment.

TABLE 1: Current mean value of a certain type of monitor under various faults.

Status name

Value name Normal ECG fault Mainboard fault Display screen fault Main cable fault Air pump fault

Average shutdown current 0.140A 0.137A 0.051A 0.122A 0.122A 0.141A
Average stand by current 0.205A 0.188A 0.139A 0.188A / 0.196A
Threshold range (−6, 6mA) (−5, 5mA) (−5, 5mA) (−5, 5mA) (−5, 5mA) (−5, 5mA)

SensorActuator

A model of the composition 
of the medical system

Parameter, component failure f (t)

Acquisition 
terminal

m (t)

y (t)u (t) x (t)

FIGURE 3: Electrical signal model of medical equipment.

Journal of Sensors 3



where xðtÞ : is the status vector, uðtÞ : is the control vector, xðtÞ :

2RnuðtÞ : 2Rp, respectively. These two are the system opera-
tion vector and controller output signal vector under the
normal statuses of the equipment. yðtÞ : is the observation
output signal vector. mðtÞ : is the signal vector added by the
external sensor and is the signal output added by the external
acquisition sensor itself. f ðtÞ : is the vector of the abnormal
running status of the equipment. f ðtÞ : 2Rg. Each element
fiðtÞ : ði¼ 1; 2; 3…nÞ: means the specific kinds of fault. It is
also a function of time that we need to solve in fault recog-
nition research. ABC is the constant value matrix of the
corresponding dimension. R1 is the fault coefficient matrix,
and the dimension of the matrix is determined by the num-
ber of detectable statuses.

2.3. Current and Power Signal Analysis. Among various rep-
resentable signals of equipment, current and voltage can be
easily collected and represented, while power can be obtained
by current and voltage as a kind of new indicator through
processing. Take the current as an example because the cur-
rent is approximately a fixed value during steady status oper-
ation (the fluctuation comes from the robustness of the
acquisition sensor itself ). This paper mainly studies the fea-
tures of electrical signals when a single fault occurs, so sup-
pose that when the monitor is in a certain fault, the current is
when it is turned off, and the current is when the monitor is
on standby, and they are taken into Equation (1) to get the
following:

i1 tð Þ ¼ a1x1 tð Þ þ b1u1 tð Þ þ r1f1 tð Þ þ c1m1 tð Þ
i2 tð Þ ¼ a2x2 tð Þ þ a2u2 tð Þ þ r2f2 tð Þ þ c2m2 tð Þ

(
: ð2Þ

According to the data obtained from the experiment, the
equipment working in steady status can output constant
signals only because it is or periodic signals but mutually
canceling each other. However, the consistency of a large
number of experimental results shows that it is almost

impossible to make coincidentally the superimposed signals
to cancel each other for every time. Therefore, here, it con-
siders that the equipment working in steady status can out-
put constant signals, and it contains the margin of error due
to robustness. Equation (2) can be transformed as follows:

i1 tð Þ ¼ a01 þ b01 þ c1m1 tð Þ
i2 tð Þ ¼ a02 þ b02 þ c2m2 tð Þ

(
⇒ iT

  Nor tð Þ ¼
i1 tð Þ
i2 tð Þ

����
����: ð3Þ

The external sensor output signal is still considered to
when mðtÞ : remains unchanged.

However, the fault analysis also has much limitation,
especially using one of the parameters. It is impossible to
accurately locate the fault features by only one indicator.
Some relative experiments show that it affects the normal
working electrical equipment a little or not when some acces-
sory module fails. Accessory modules like the ECG connec-
tion cable on a monitor, the flow sensor of the ventilator or
the electrode plate of the defibrillator. This paper introduces
other parameters—voltage and power. At the same time, the
experiment shows that the current and power of the device
also maintain a stable signal output whenever the device is on
or off power, as shown in Figure 4.

The current and power signals can be represented as
follows:

i nð Þ ¼ i0 þ cm nð Þ þ rf i nð Þ
p nð Þ ¼ p0 þ iq nð Þ þ vf p nð Þ

(
: ð4Þ

The sampled data points are discrete distribution, so
there switched the variable from time to “n” which means
discrete distribution points representing the corresponding
relationship of each single sampling point. So iðnÞ :;  pðnÞ:,
respectively, represents the n× 2 times matrix of current
sampling value and power sampling value under the status
of power off and standby from the observation of external
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FIGURE 4: Current and power under on and off power status.
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sensors. “n”represents the number of fault types, and “2”
represents the two kinds of status—power off and standby.
mðnÞ: represents the matrix of current sampling value when
the external sensor circuit measures the status from power
off and standby. qðnÞ : represents the matrix of power sam-
pling value when the external sensor circuit measures the
status from power off and standby. f iðnÞ :; f pðnÞ : is the matrix
of current sampling value and the power sampling value at
the running status. i; c; r; p; e; v 2Rn∗2 [16].

2.4. Feature Extraction and Voltage Signal Analysis. Based on
the characteristics of Figure 2, this paper introducing the
method of residual measurement. The reason is below:

(1) It should be obvious how the features combine with
the status events.

(2) Features can be changed by the change of status
events and it should be one-to-one correspondence.

(3) The features reflect the characteristics of the signal. It
can be seen from Figures 2 and 3 that the current and
power have the characteristics of numerical differ-
ences under different status events.

So, the fault features in Equation (6) can be transformed
based on the residual measurement method as follows:

β ¼ rf i nð Þ þ j

χ ¼ vf p nð Þ þ k

(
; ð5Þ

j 2 ∪n
t¼0 ifault nð Þ − i

À Á
; k 2 ∪n

t¼0 pfault nð Þ − p
� �� �

: ð6Þ

As can be seen from Equation (7), the fault features β; χ
can be obtained by the fault signal of current and power
subtracted from normal signals. That is the point of residual
measurement. j; k represents as the margin of error. To the
features, it means feature range. Finally, the normal one’s
current is used as the reference value to compare with the
actual measured value, and the features β; χ of the fault value
are used as the difference. The fault and normal current and
power can be expressed as the following relationship by the
characteristic value:

ifault nð Þ ¼ inormal nð Þ þ β

pfault nð Þ ¼ pnormal nð Þ þ χ

(
: ð7Þ

When finds a new fault and define its range, it is only to
use the measured signal to subtract the value of the normal
according to the sampling frequency. If it identifies the status
type, it only needs to compare the signal existing in which the
status feature range of the equipment is measured. In order
to reduce the calculation complexity, this paper adopts the
method of window translation for sampling, and the width of
the sampling window is 10 s. At this point, the feature extrac-
tion of this kind of signal is complete. As for the voltage
signal, the voltage fluctuates periodically in theory. Through
measurement, it is found that it accords with the theoretical

signal characteristics by measurement. Because of the inter-
ference caused by the actual measured environmental fac-
tors, the signal does not fully conform to the sine and cosine
functions. It is shown in Figure 5.

From Figure 5, we can see that there is no significant
change in signal characteristics between the power off and
standby. We can conclude that there are two basic principles
for the extraction of characteristic signals as follows:

(1) The error range of a single status sampling signal
shall not exceed 5% within one cycle.

(2) Signal changes obviously with the change of status.

Although it is impossible to extract voltage features effec-
tively through only the current means, the more conditions,
the higher accuracy when the fault recognition method is the
MEPP. Besides, this paper will mention how to use three
kinds of parameters to avoid the interference of invalid fea-
tures. The output of voltage can still be expressed as a dis-
tributed formula about “n”. It can be expressed as below:

v nð Þ ¼ dv0 nð Þ þ eu nð Þ þ os nð Þ þ sf v nð Þ; ð8Þ

where xðnÞ : is the status voltage sampling value matrix when
the equipment is off power and standby. uðnÞ : represents the
control signal voltage sampling value matrix when the equip-
ment is off power and standby. sðnÞ : represents the external
circuit sensor voltage sampling value matrix when the equip-
ment is off power and standby. f vðnÞ : represents the voltage
sampling value matrix of the abnormal running status signal.
d; e; o;  s2Rn∗2 represents all belong to n× 2 times matrix.
The characteristic value of voltage is as follows:

vfault tð Þ ¼ vnormal þ δ

δ¼ sf v nð Þ þ l

(
l 2 ∪n

t¼0 v nð Þ − vð Þð Þ: ð9Þ

From the above, the three kinds of electrical parameters
of the equipment have realized feature extraction. The
essence of MEPP is aimed to use more features and condi-
tions for helping fault recognition. Besides, some status
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events can be easily recognized by voltage at later research
found. Next, this paper then uses the judgment logic–concise
correlation knowledge to classify the features to achieve the
goal of fault recognition.

3. Materials and Methods

3.1. Hardware Facility. The signal from equipment output
could not be obtained directly. It should be measured by an
outer sensor. In this paper, HLW8032, as a single-phase
metering chip, is used for the collection and calculation for
power. Three kinds of parameters are obtained from the
sensor circuit as follows:

Urms ¼
η

κ
×

R1

R2 × 1;000

Irms ¼
θ

σ
×

R3

R4 × 1;000
P ¼ Urms × Irms

: ð10Þ

For the external sensor, the measured values of the three
parameters are not the original. They are converted into
effective values through the sensor circuit, which will affect
the components and structure in the circuit. So, Urms; Irms
from the above formula represents the effective value of volt-
age and current, η; θ represents the voltage and current
parameter register. κ; σ represents the voltage and current
register. R1; R2; R3; R4 represents the resistance value in
series and parallel in the sensor circuit [17].

The measured values of each parameter in Equation (1)
mainly depend on the circuit design of the external acquisi-
tion terminal. The acquisition terminal is not limited to the
design adopted in this paper, and there is no need to conform
to the standards of the acquisition terminal for the same.

Subsequent research can be designed by any group of design
parameters according to needs. The design of this paper is
shown in Figure 6.

In this paper, the hardware deployment adopts the interven-
tional power replacement method. The specific implementation
steps are as follows: replace the equipment’s own power supply
with a sensor. The sensor replaces the medical equipment’s to
provide AC 220V/50Hz to the equipment. At the same time, the
sensor detects the working electrical parameters, voltage current,
and power of the equipment in real time. The collected electrical
performance parameters are sampled by the MCU of the sensor
and are sent data wirelessly to the server of the fault identification
system. The server stores and analyzes the data to identify and
mark the abnormal data through the set threshold value with the
fault identification method. Finally, the data result is displayed
on the PC through the WEB. Based on the hardware set up in
Figure 5, the actual measurement of the equipment is carried out
in this paper. The connection diagram is shown in Figure 7.

3.2. The Establishment Method of Fault Rule Database. Based
on the existing knowledge, this paper establishes the associ-
ation rules of fault events and electrical features and classifies
fault features as a system. The system assumes that electrical
performance parameters are the items, and Tn as the fault
electrical features in a moment. Tn can be expressed as fol-
lows by Equations (7) and (9):

Tl ¼ inl; vnl; pnlf g ¼ i1l v1l p1l

i2l v2l p2l

����
����; ð11Þ

where inl; vnl; pnl represents the sampling value matrix of cur-
rent, voltage and power. n represents the kinds of working
status. This paper chooses two kinds of working statuses—
power off and standby. l represents the operation status
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containing the normal and various fault types. All features are
associated with the fault events to form a complete database,
which is expressed as T¼fT0;T1;T2;⋯;Tlg:. T0 represents
the system in normal status which alsomeans the initial status
or reference status. There are “l” kinds of fault in total and
l2N .

This paper chooses existing knowledge as the basis for
system training, which can not only accurately diagnose
equipment fault events but also sort out some repair sugges-
tions and troubleshooting experience. At this time, according
to the previous experience from the Medical Engineering
Department, this paper lists known faults. Besides, this paper
chooses a specific equipment, for example—monitor, a kind
of first aid equipment. The known faults are shown in Table 2.

Fault features and status events should be related [18]. It
requires a set of logic methods to connect these two elements
into a system, which should be a kind of closed loop as well.
First of all, the fault events and the fault features are corre-
sponding to each other in theory. The law of fault recogni-
tion is to recognize which characteristic interval belongs to
from the measurement of electrical parameters value by
observing the probability distribution of some particular sta-
tus named the probability of distribution. Based on this prin-
ciple, the fault events should exist in the causal relationship.
So this relationship can be represented in Figure 8.

Figure 8 shows the basic rules and logic of building the
fault feature database. This database should have the follow-
ing characteristics:

(1) The corresponding fault events and features are proba-
bilistic, and there is a specific probability distribution.

(2) Specific distribution probabilities can be calculated
by actual measurements.

(3) The whole process of fault identification should be
closed-loop and updatable.

TABLE 2: The list of known faults.

Status Fault performance Status recognition Characters value

Normal \ A β0; χ0; δ0

ECG fault
ECG waveform is irregular or measured

without waveform
B1 β1; χ1; δ1

Mainboard fault
The main control system fails to turn on

or proceed other control function
B2 β2; χ2; δ2

Display screen fault
The screen is none when switch on, and

no operation is displayed
B3 β3; χ3; δ3

Main cable fault
Clicking keys fault. It is unable to turn on

and off or other operation
B4 β4; χ4; δ4

Air pump fault
It fails to inflate when noninvasive blood

pressure measures
B5 β5; χ5; δ5
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FIGURE 8: The causal relationship between the fault events and
features.
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(4) It should have a set of rules that, in theory and work.

From Figure 8, we can know that P0 represents the distri-
bution probability of normal status. P1 − P15 represents the
distribution probability of the fault features collected from
each status event. The logic of the whole system is that events
and features are combined together through probability.

Theoretically, each status must be only associated with a
specific group of features. The event-related fault recognition
method only needs to combine fault features with fault
events. It can be seen that there are no other elements in
the whole causal event except distribution probability and
fault event. Let’s assume that the normal status signal feature
P0 needs to cover the whole sampling point of the electrical
performance parameters under normal equipment condi-
tions as far as possible because the normal status is a kind
of largest number statuses in nature. This paper will treat the
normal status as the initial status of the database and the
status judgment of all statuses.

Not every feature of every status event is completely
independent from the corresponding feature of other status
events. Among the actual measurements, it is found that the
distribution probability range of the same kind of feature is
highly coincident under different fault events. Taking fault
event B1 as an example, it indicates that the feature β1; β3
and δ1; δ3 may be highly coincident. It leads that the distri-
bution probability of β3; δ4 may produce P0

1 and P0
2, which

may cause interference during B1 fault recognition. However,
the most ideal effect is that the fault event B1 should only

corresponds to β1; χ1; δ1. In order to solve this problem, the
method of processing data in this paper adopts that three
kinds of parameters are ranked according to their impor-
tance, and there will make a comparison for judgments as
order. Each parameter feature is compared to the fault rule
base by traversing. Finally, it finds a method in that even if
the feature distributions of certain electrical performance
parameters coincide, each of the two statuses can be distin-
guished. The logical judgment method of each electrical per-
formance parameter is shown in Figure 9.

3.3. The Fault Judgment of Weighted Method Based on Events
Association Rules. When the fault rules work, there will gen-
erate a rate which is the distribution probability of the cur-
rent, the voltage, and the power falling points under the
characteristic range, expressed as P1; P2; P3, respectively.
According to Equations (7) and (9), three kinds of electrical
performance parameters can be obtained, and each charac-
teristic value can be calculated when the equipment suffers
from the above faults. Since the physical meaning of the three
parameters is independent, the joint judgment process will
calculate introducing the weighting to unify a total status of
recognition rate. This paper uses the AHP-like method to
determine the weight, which is a kind of research method for
calculating the weight qualitatively and quantitatively. It
compares the number size of each two elements while the
larger the number, the more important it will be, and finally
gains the weight of each element. Therefore, the recognition
rate after adding the weight can be expressed as follows:
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FIGURE 9: The logical judgment method of each electrical performance parameter.

TABLE 3: Rules of weight setting.

P (%) θ P (%) θ P(%) θ P (%) θ P (%) θ

≥90 9 90＞ ≥80 8 80＞ ≥70 7 70＞ ≥60 6 60＞ ≥50 5
50＞ ≥40 4 40＞ ≥30 3 30＞ ≥20 2 20＞ ≥10 1 10＞ 0
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P¼ θ1 × P1 þ θ2 × P2 þ θ3 × P3

θ1 þ θ2 þ θ3
; ð12Þ

where P1; P2; P3 represents the fault recognition rate of cur-
rent, power and, voltage while θ1; θ2; θ3 represents the
weight of the three features. Since there are two working
statuses, the above six parameters are all 1× 2 order matrices.
The weight can be assigned, according to the following rules,
as shown in Table 3.

The adjustment rules of θ can be infinitely optimized in
accordance with the needs of better and better accuracy. It
can be seen from Table 3 that the step size of P is 10% and the
step size of θ is 1. We can make more accuracy that the step
size of P change to 5%, 2%, or less, and the step size of θ
change to 0.5, 0.2, or less correspondingly.

The function of weight aims to adjust the value of the
total recognition rate flexibly. Equation (12) gains P. The
represents the total probability from the status event of
power off and standby. It determines the final probability
of the status from actual measurement. The whole system
of fault recognition is around this indication. For more accu-
racy, this paper defines that the total recognition probability
should be ≥90% to judge one specific status event. To achieve

this goal, this paper will adjust θ1; θ2; θ3 while the actual
measurement.

4. Experimental Verification

4.1. Measurement and Input for Reference Base Rule. In order
to verify the feasibility of the above system, we then carry out
actual measurements of some equipment and build a data-
base. Taking the monitor as an example, six normal monitors
of the same model are selected for measurement. First, all
electrical features of six normal monitors in the on and off
statuses are collected and analyzed to initially establish the
benchmark features of the normal status of the monitors in
the fault database. The current comparison of the six normal
monitors is shown in Figure 10.

Calculating the mean value for the benchmark value of
the current and the fluctuation range interval of the feature
range in the above graph gives the benchmark value and the
feature interval. The data are shown in Table 4.

According to the current data collected from the six nor-
mal monitors, it can be found that the benchmark values of
each monitor in the on and off statuses are basically similar,
which is in line with the findings of the previous theoretical
study. Based on the data in Table 3, the benchmark value in
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the off status can be set to 152mA, and the benchmark value
in the on status can be set to 206mA. According to Figure 8,
when the filter criteria are set as the recognition rate is
greater than 90%, the data of six monitors are basically cov-
ered in this recognition interval, and to achieve the narrowest
feature interval, it can be set to 145−158mA in the off status
and 200−212mA in the on status. After calculation based on
the deviation of the above benchmark value, the feature
interval β1 can be set to (−7, 6mA), and the feature interval
β2 can be set to (−6, 6mA) to meet the recognition rate
requirements under the normal status. The same analysis is
carried out on voltage and power in the subsequent research,
and the benchmark values and feature intervals of current,
voltage, and power of this model of monitor are obtained in
Table 5.

According to Table 3, the weight of voltage is set to 0
because of the overlap. The feature intervals for current and
power have no overlap, and the weights can be set to 50%
each. So far, the normal status benchmarks for the three
main electrical characteristic parameters of a particular
model of the monitor have been developed. There is no
need to set further weight values as all characteristic cases
are already covered.

4.2. Measurement for Fault Event.Next, this study is to inves-
tigate the fault statuses of this model of a monitor to check its
features of fault. Through various experiments, it is found
that air pump faults are more confusing when identified by a
single parameter. Therefore, the fault analysis is carried out
using an air pump fault as an example. Figure 11 is obtained
by taking its current in the on and off statuses.

The overlap rate between the measured current value of
the air pump fault and the normal feature interval is 70.2%,
and the recognition rate is 29.8%, so the current can no
longer meet the requirements of fault recognition, and it
belongs to the special case of P`1 or P`2 in Figure 8, at which

point the other two features need to be collected and ana-
lyzed. The graphical comparison between the two types of
electrical characteristic data and the normal threshold is
shown in Figure 12.

From the above graph, it can be seen that the voltage
cannot be distinguished in normal equipment, i.e., the rec-
ognition rate of the voltage is 0. The recognition rate of
power is lower than 30% in the off status, but the recognition
rate reaches 98.4% in the on status. According to Table 3, the
weight values can be set as Table 6.

Bring the abovementioned air pump fault equipment
back into working order. Collect the current of the normal
equipment and compare it with the feature interval under the
normal status, and the following comparison graph can be
obtained in Figure 13.

The overall recognition rate for the normal status current
is calculated to be 94.4%, and the thresholds set in Table 4 are
proven to be feasible when the recognition rate for a single
parameter reaches over 90%. The normal status of this model
of a monitor can be accurately identified using the feature
intervals in Table 5.

Next, additional test samples are added to further vali-
date the air pump fault. The characteristic thresholds are
optimized while validating the characteristic thresholds. Fifty
monitors of the same model are subsequently selected for
testing in this research. After sample control and data collec-
tion and analysis of the 10 units, their weights are then fine-
tuned, and the final results of the characteristic values of the
air pump fault obtained are shown in Table 7.

Besides the air pump fault, this paper aimed on the moni-
tors to measure the following states:

(1) ECG circuit module fault.
(2) Motherboard fault.
(3) Screen malfunction.
(4) Main cable malfunction.

TABLE 4: Current features of the six normal monitors.

Status
No. 1 No. 2 No. 3

inormal(mA) β(mA) inormal(mA) β(mA) inormal(mA) β(mA)

Off 145 (−3,3) 153 (−2,3) 150 (−4,3)
On 208 (−5,7) 202 (−4,4) 201 (−3,6)

Status
No. 4 No. 5 No. 6

inormal(mA) β(mA) inormal(mA) β(mA) inormal(mA) β(mA)

Off 149 −5,3) 153 (−5,6) 153 (−6,7)
On 212 (−4,6) 204 (−3,2) 203 (−4,5)

TABLE 5: Features of the three electrical properties of the six normal monitors.

Status and features Current (mA) Voltage (V) Power (W)

Off
inormal 152 226.17 17.50
β; χ; δ (−7,6) (−2.61,1.74) (−1.5,2.1)

On
inormal 206 226.91 23.84
β; χ; δ (−6,6) (−1.83,1.91) (−1.18,2.70)
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Through a survey of medical engineer technicians, these
fault states listed are common faults that occur on monitors.
In order to understand these faults more clearly, this study
collected these fault states and obtained the following data in
Figure 14.

From the above data, it shows that each fault state can be
well distinguished from the normal interval. There will not
show the voltage and power data because we can set the

weight of the current in the on–off state of each fault to
100% so as to reach the 100% recognition rate of each fault
except the main cable malfunction under off the power. It
can be seen the normal interval overlaps with fault data a
little bit. After calculating the rate of overlapping, it is only
3.6%. So we can also set the weight of the current in the
on–off state of each fault to 100% to reach the following
recognition:
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TABLE 6: Corresponding weight of electrical features at each operation stage in case of air pump fault.

Status
I V P

P θ P θ P (%) θ

Off 0 0 0 0 45.2 4
On 29.8% 2 0 0 98.4 9
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P ¼ 0 × 4þ 96:4% × 1þ 100% × 99
0 × 4þ 1þ 99

¼ 99:96%: ð13Þ

The molecule of Equation (13) represents six parameters:
voltage, power, and current of on and off state. The recogni-
tion rate here can be infinitely close to 100% by adjusting the
weight of current from on and off state.

5. Discussion

The feature interval in the normal one of on and off status
can be adjusted to achieve a 90% recognition rate within the
minimum interval. But a 90% recognition rate is not the best
result every time. So, combining the above data and adjusting
the feature intervals several times in units of 1mA, the fol-
lowing chart representing the relationship between the total

recognition rate and each characteristic interval can be
obtained in Figure 15.

According to the characteristic values in Table 8, this
paper found another 10 monitors with air pump faults that
they are measured once again. It is found that the air pump
fault recognition rate of 41 monitors could reach 90%. As the
sample size increases, the weighting values can also be fur-
ther fine-tuned in order to make the fault feature intervals
more accurate. Although there are still 9 monitors with less
than 90% of air pump faults identified using this feature in
this research, in terms of 50 samples, the reliability of this
method can reach more than 80%, which proves that this
method is still worth promoting.

Using the above method, other faults of the monitor are
analyzed. Due to a large number of fault types and the small
sample space available for testing, weights are set according
to the “0−1” rule, i.e., parameters with obvious features are
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FIGURE 13: Comparison of the current of a normal equipment of the same model and feature interval under the normal status.

TABLE 7: Judgment rules for air pump fault of tenth monitors of the same model.

Status and
parameters

Current (mA) Current weight (%) Voltage (V) Voltage weight (%) Power (W) Power weight (%)

Off
Ave 132

0
224.25

0
16.159 1.1

β;  χ; δ (−2,2) (−0.62,0.35) (−0.11,0.08)
Standby

Ave 0.193
4.3

225.94
0

19.179
94.6

β;  χ; δ (−7,7) (−1.4,1.1) (−0.55,0.43)
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set to 100% weight, and the rest are set to 0. After statistical
analysis, the following data are obtained.

Based on statistical data, it is now clear that the fault rule
analysis method has a certain degree of validity. Through the
collection and analysis of a large number of monitors’ exper-
imental data, it is concluded that multi-indicators can

significantly improve the accuracy of fault detection, and
the higher the accuracy of a parameter in a single indicator,
the higher the accuracy rate of fault recognition under the
fusion of multi-indicators.

For example, the air pump fault. From above, the recog-
nition rate of air pump fault is the following:

P ¼ 0 × 0þ 2 × 29:8%þ 0 × 0þ 0 × 0þ 45:2% × 4þ 98:4% × 9
0þ 2þ 0þ 0þ 4þ 9

¼ 75:1%: ð14Þ
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FIGURE 14: (a) current of ECG circuit module fault and normal interval; (b) current of motherboard fault and normal interval; (c) current of
screen malfunction and normal interval; (d) current of main cable malfunction and normal interval.
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FIGURE 15: Relationship of total recognition rate versus each characteristic interval in the on and off statuses.
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At present, the total recognition rate of air pump faults is
only 75.1%. After adjusting the key weight, the overall recog-
nition rate of air pump fault reaches 92.7% while the final
weight setting is θ1 ¼ ½0; 0:5� :; θ2 ¼ ½0; 0� :; θ3 ¼ ½1; 13:5� :. It is in
the line with the research objective of this paper. The judg-
ment rules of the air pump fault under the current hardware
conditions are set in Table 9.

If the actual situation is that it is necessary to reach 100%
of the recognition rate, taking the main cable malfunction in
Figure 14 as an example, we can introduce another two elec-
trical performance parameters. After measurement and anal-
ysis, the power during the main cable malfunction can be
expressed, as shown in Figure 16.

The result shows that there is no overlap between the
normal power interval and the main cable malfunction data,
so the recognition rate can reach 100%. Therefore, we can set
the following weights to achieve a 100% recognition rate:

P ¼ 0 × 2þ 100 × 1þ 100 × 1þ 96:4% × 0þ 100% × 1
0 × 3þ 1þ 1þ 1

¼100%:

ð15Þ

This is the advantage of introducing MEPP for joint rec-
ognition of fault events: the expected recognition rate can be
achieved by constantly adjusting the weight of the features.

However, here comes a problem with these threshold
values: some intervals of electrical features seem to be overlap
with others’ intervals. It will cause the recognition fuzzy.
Through adding test samples, the result shows that overlap-
ping parts would not affect the recognition. The interval is
shown in Figure 17.

It indicates that the overlapping interval has a great influ-
ence on the recognition rate. After statistical calculation, this

TABLE 8: Judgment accuracy rate of various indicators under different operating statuses.

Statuses Normal (%) ECG circuit module
fault (%)

Motherboard
fault (%)

Screen
malfunction (%)

Main cable
malfunction (%)

Air pump
fault (%)

Current only 100 48.1 100 85.3 74.2 30.5
Voltage only 100 95.3 89.2 38.2 26.5 5
Power only 100 83.7 80.1 62.9 81.5 44.7
Multi-indicators 100 99.56 100 96.47 97.3 93.55

TABLE 9: Rules and conditions of air pump fault.

Status and
parameters

I (mA) θ1 (%) P (W) θ2 (%) U (V) θ3 (%)

Off
Ave 132

0
16.159

6.7
224.25

0
β;  χ; δ (−2,2) (−0.11,0.08) (−0.62,0.35)

On
Ave 0.193

3.3
19.179

90
225.94

0
β; χ; δ (−7,7) (−0.55,0.43) (−1.4,1.1)
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FIGURE 16: The power of main cable malfunction and normal interval.
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paper will use the difference compensation method to adjust
the threshold. Specific steps are as follows:

(1) Take the characteristic interval of a normal state as
the reference interval.

(2) Take out the sample points in the overlapping part
from the measured data.

(3) Calculate the recognition rate of different intervals in
the new state.

(4) Compare the recognition rate. In principle, the new
interval of state should not overlap with the normal
interval. The data proceed as shown in Figure 18.

After the adjustment, the recognition rate will follow the
change law of Figure 15. Because this study can be applied to
any electronic device, there is no standard recognition rate
value that can be applied to all relevant fields. The accuracy
rate should be set suitable for the specific situation. This
paper will choose the 90% as a research basis.

Sometimes, we found even if we use this method, it can-
not avoid the overlap unless needing to sacrifice a lot of
recognition accuracy (like Figure 17). In this case, we can
identify and compensate for obvious outliers by improving
the Z-score method. The specific method is to determine the
reference mean of the whole data of a single measurement

first. Then, it will recognize the outlier by the Z-score
method. When the outlier is identified, the reference mean
of this measurement is used to compensate the outlier, so as
to make up for the range error caused by the outlier. Taking
Figure 15 as an example, using the improved Z-score method
for interval adjustment, as shown in Figure 19.

The dashed line is the adjusted interval. After optimiza-
tion by the improved Z-score method, the interval of the two
states is clearly distinguished. It is proven that the improved
Z-score method is very suitable for data processing in the
basic research of electrical performance features. After the
adjustment, the recognition rate still keeps upon 90%.

6. Conclusion

The multi-indicator-based fault detection method used in
this paper can not only overcome the difficult situation of
logical confusion in multi-indicator judgment but also
greatly increase the types of identifiable faults and improve
the recognition rate of a single fault. This method success-
fully combines the theoretical model with the empirical facts
and realizes the mathematical model, feature extraction, and
system design of fault identification of various electrical per-
formance parameters through the correlation between the
characteristics of electrical performance parameters and fault
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events. The innovation of this research lies mainly in its
ability to address the following difficulties in medical equip-
ment fault recognition research.

(1) It has simplified the detection process. In line with
the trend toward device fault detection, this research
looks at medical equipment as a whole to do current
fault detection. This method greatly simplifies
the operation of the detection process, increases the
operability of current fault detection, and has the
potential to be widely popularized. Furthermore,
contrary to the device-based fault recognition deri-
vation logic, this method can compensate for the lack
of theoretical research in fault recognition.

(2) It has summarized prior knowledge into a mature fault
database, which covers malfunction types, judgment
methods, recognition rules, malfunction features, etc.
This is the first time that the content of system-level
medical equipment fault recognition has been summa-
rized since the aerospace field, which can provide a
reference for follow-up research.

(3) This research has made up for the shortcomings of
single feature factors in system-level fault recogni-
tion, greatly improving recognition accuracy and
increasing the identifiable malfunction types.

(4) This research has established a fault recognition sys-
tem with a very high degree of openness. The system
can be updated through continuous optimization,
and the introduction of new knowledge, and the
research direction will not be terminated because of
certain technical obstacles.

However, the method still needs to be tested on a large
number of experimental samples before it can be used to
build a knowledge base. In addition, with the increase in
the amount of data, traditional statistical methods have
been unable to meet the needs of data processing, and
machine learning methods need to be introduced to process
massive sample data more quickly. With the further applica-
tion of this method in the field of medical devices, this
research direction will continue to explore more meaningful
relevant results.
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