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Effectively diagnosing thermal faults in key parts of mechanical and electrical automation
equipment before they become too serious is of crucial importance for the safe and
continuous operation of these equipment. However, existing algorithms are not able to
establish stable connections among sensors, so the overall control of thermal faults is not
ideal enough. To cope with this issue, this paper aims to study the thermal fault detection
of mechanical and electrical automation equipment and analyze the severity of the faults.
At first, this paper studied the heterogeneous Multi-Sensor Information Fusion (MSIF)
problem of sensors installed in key parts inside the mechanical and electrical automation
equipment, and proposed a MSIF algorithm based on the D-S evidential theory. Then, the
paper evaluated the influence of damages caused by thermal faults on the different parts of
the equipment, providing evidences for the installation of sensors in key parts of the
equipment. At last, experimental results proved the effectiveness of the proposed

algorithm, and the thermal fault detection results were attained.

1. INTRODUCTION

The electromechanical integration and automation of
mechanical equipment has received increasing attention in real
applications [1-4]. Faults caused by long-term service, poor
heat dissipation environment, load changes, or manual mis-
operations to the equipment need to be processed in a timely
manner, so that the production efficiency of the equipment
could be guaranteed [5-10]. The faults of mechanical and
electrical automation equipment (hereinafter referred to as
“equipment” for short) mainly include three types: switch fault,
short circuit fault, and grounding fault. Faults of all three types
have the phenomena of intense heat release, device burnout,
and open fire [11-15]. Equipment generally has several key
parts; the abnormal temperature rise in these key parts must be
discovered and handled in time [16-20], therefore, effectively
diagnosing thermal faults in key parts of the equipment before
they become too serious is of crucial importance for the safe
and continuous operation of the equipment.

To reduce power consumption of circuit and increase output
swing, Zhao et al. [21] proposed a 2-fold structure for
controlled voltage and current parts in the shared circuit of
wireless sensor units; for system design requirements, the
paper gave a detailed discussion on the overall structure of
temperature measurement nodes and the design parameters of
the chip, devised the general architecture of the chip, and
performed simulation experiment on the steady temperature
rise of the heated electric field. To accurately evaluate the
operation state of dry-type electric reactor, improve the
diagnosis level of equipment faults, and ensure the safe and
reliable operation of power grid, Li et al. [22] analyzed the
structure of dry-type electric reactor and analyzed its abnormal
faults based on infrared temperature measurement technology;
then, the paper summarized the abnormal heating faults in
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high-voltage wiring board, neutral wiring board, grounding
bar, post insulator stander, and the wiring board of DC filter
reactor; after that, according to relevant test data and standards,
the paper analyzed the causes of heating faults in different
parts and gave targeted countermeasures. According to the
structure of switch cabinet and the features of heating faults,
Su et al. [23] employed the heat transfer theory to analyze the
internal heat transfer features of heating faults in the switch
cabinet, and established a mathematical model in software
FLUENT for simulation verification, the paper provided
theoretical evidences for the diagnosis of heating faults inside
the cabinet. Matsui et al. [24] proposed to apply the IR-
OBIRCH method to fault location in semiconductor devices
and locate the faults by observing the current changes caused
by laser heating.

In an environment with too-high or too-low ambient
temperature, thermal fault diagnosis algorithms such as inter-
phase temperature method or relative temperature method can
easily trigger the alarm threshold, resulting in missing or false
alarm. Meanwhile, the sensors couldn’t establish stable
connections, so the overall control of thermal faults is not ideal
enough. To cope with this issue, this paper studied the thermal
fault detection of mechanical and electrical automation
equipment and analyze the severity of the faults. In the second
chapter, this paper studied the heterogeneous MSIF problem
of sensors installed in key parts inside the equipment, and
proposed a MSIF algorithm based on the D-S evidential theory.
The third chapter evaluated the influence of damages caused
by thermal faults on the different parts of the equipment, which
provided evidences for the installation of sensors in key parts
of the equipment. At last, experimental results proved the
effectiveness of the proposed algorithm, and the thermal fault
detection results were attained.


https://crossmark.crossref.org/dialog/?doi=10.18280/ijht.400230&domain=pdf

2. THERMAL FAULT DETECTION OF MECHANICAL
AND ELECTRICAL AUTOMATION EQUIPMENT
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Figure 1. Flow of the MSIF algorithm

In order to give comprehensive descriptions of the states of
thermals faults of monitored equipment via the calculation of
multi-sensor data, the adopted algorithm must have more
advantages than description algorithms that rely on the data
collected by single-type sensors. After many years of
theoretical research and practical application, the stability and
reliability of MSIF algorithm have been improved gradually,
and now it could be applied to thermal fault detection and
severity diagnosis of mechanical and electrical automation
equipment. Figure 1 gives the flow of the MSIF algorithm.

Under normal conditions, multiple heterogeneous or
homogeneous sensors are installed in the key parts of the
equipment, since there’re great differences in the attributes of
information collected by the sensors, before the fusion of the
collected information, data filling, abnormal data rejection,
data normalization and other processing should be carried out
to facilitate system recognition.

For the MSIF of data measured by homogeneous sensors,
the fusion results can only describe a single environmental
factor in the internal environment of the equipment. To judge

environmental factors should be combined as well, therefore,
this paper studied the MSIF of data measured by
heterogeneous sensors installed in key parts of the equipment.

The main idea of MSIF of data collected by heterogeneous
sensors is that: at first, the features of various types of data are
evaluated to judge the importance of thermal faults in the
equipment; then, the data are weighted and fused to attain the
fusion results. The D-S evidential theory is often applied to
heterogeneous sensor data fusion modeling, in order to make
the theory less subjective and improve the effect of data fusion,
this paper improved it. At first, the sources of original
evidences were subject to conflict analysis, then the improved
D-S evidential theory was applied to the fusion of the evidence
sources that have conflicts, and the conventional D-S
combination rules were applied to the fusion of the evidence
sources that do not have conflict. Figure 2 gives the flow of
MSIF algorithm based on the D-S evidential theory.

By referring to the cosine values of the angle, the
differences in the directions of two vectors could be described,
in this way, the same idea could be applied to the measurement
of the differences between two evidence vectors in the D-S
evidential theory.

If two evidences n; and »; are independent of each other, the
cosine similarity r; of n; and n; can be calculated by Formula
1:

(1

According to above formula: when 7;=1, the two evidence
vectors coincide, which means that they are exactly the same.
When rjjdecreases, the angle between the two evidence vectors
increases, indicating the difference between the two, namely
the conflict between them increases. When the angle between
the two evidence vectors is 90 namely when 7;=0, it indicates
that there’s no correlation between the two. When the angle
between the two evidence vectors is 180 namely when r;; = -
1, it means that the two are negatively correlated, that is, the
relationship between them is a complete conflict. The
following formula can calculate the average evidence
similarity which is used to describe the similarity between
evidences:
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Figure 2. Flow of MSIF algorithm based on D-S evidential theory
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where,

R = lehzlrij
' L

A3)

If the average similarity is greater than the preset threshold,
it can be judged that the degree of difference of evidences is
relatively small. If it is less than the preset threshold, it can be
judged that there is a certain conflict between the evidences.
The redistribution of focal element weights of the information
data of heterogeneous sensors was realized by introducing a
distance function, and the conflicting evidences of evidence
sources were replaced by the average evidence. At last, a
confidence matrix was constructed to complete the MSIF of
heterogeneous sensors. Based on each evidence, the average
value of the /-th focal element was calculated as follows:

MM ety

n=——t 4)

m

Assuming: n; represents the basic probability function value
of the i-th evidence with respect to the j-th focal element, then,
the distance from the evidence to the average value of the focal
element was calculated:

s=d gty gzl m G

According to above formula, the lower the degree of
similarity between two evidences, the greater the value of d;;
the higher the degree of similarity between two evidences, the
smaller the value of J;; the weight of each evidence could be
calculated by Formula 6:

49-:5i

I m

. (©)
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Assuming: 6, represents the weight of the i-th evidence and
it satisfies 2"-;0~1, then the average value of the new
evidence with respect to the focal element was calculated by
the following formula:

n'=6n,

in, (7

Assuming: n; represents the basic probability distribution
value of evidence i with respect to focal element j, then the
constructed confidence matrix N can be expressed as Formula
8:

N1 Ny N o Ny
N n n n,,
N M| e ®
Nm nml nmz nmn
Then each row of N was added to get:
Ny + N, +--+n, =1(i=1,2,...,m) 9)

The i-th row of N was transposed and multiplied by the j-th
row to attain:

NiT x Nj :[nmnizv”'!nin]T '[njl’njz""’njnJ

(10)
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The newly attained matrix X can be expressed by Formula
11:

Mg XNy My XN, My X Njy
| Mz XNy N XNy Nig XNy, )
n._xn n_xn n._xn

in j1 in j2 o in jn

According to formula 11, the fusion result of evidence i and
evidence j was the product of elements on the diagonal of the
new matrix X, and the uncertainty coefficient of fusion result
was the sum of all other elements in X, that is in formula 12:

LI:ZttwnitXn]w(t'wzlyz,...,n) (12)

Finally, using Formula 13, the information data of multiple
heterogeneous sensors were fused:

=To (13)

The construction of basic probability distribution function
is a difficulty in the implementation of D-S evidential theory
for MSIF of heterogeneous sensors, the mapping of the sensor
information data samples is usually realized depending on the
experience of experts. According to the features of the internal
environment of the equipment, in this paper, the basic
probability distribution function was constructed based on the
membership function of fuzzy set. Also, according to the main
environmental factors such as temperature and humidity of the
equipment model and the features of current in the equipment,
this paper chose the triangular function and trapezoidal
function as the membership functions to establish the basic
probability distribution function, and divided it into three
states: suitable, low, and high.

Assuming: F(X), F(Y) and F(Z) represent thermal fault
recognition frameworks of the equipment; the evidences are
temperature, humidity, and equipment current; n(1), n(2) and
n(3) represent the basic probability distribution functions of
the three kinds of evidences, then, the basic probability
distribution function n;(F;) of the three kinds of evidences is
given by Formula 14:

4(F)

S S oy ey Ty

(14)

Correspondingly, the uncertainty description n;(¥;) can be
expressed by Formula 15:
n(¥)=1-n(F)-n(F,)-n(F) (15)
Assuming: A,(F;) represents the membership function of
related BOEs (body of evidence) of equipment thermal fault
recognition; f; represents the difference between the
maximum value and the second maximum value of the
membership degrees of BOEs related to thermal fault
recognition; j; represents the variance of the membership
degrees of the remaining BOEs after the maximum
membership degree has been eliminated; g; represents the
average value of the membership degrees of the remaining
BOEs after the maximum membership degree has been
eliminated, then their expressions are given by the following
formulas:



B =4 (F)—max{4 (F,)j. j#1 (16)
4 (F ) =max{4 ()} (17)
r= izljﬂ[ﬂ’l(':i)_qijr (18)
6= AR (19)

3. SEVERITY ANALYSIS OF THERMAL FAULT
DAMAGES OF THE EQUIPMENT

The severity evaluation of thermal fault damages of the
equipment is to evaluate the influence of thermal faults on the
damages in different parts of the equipment based on the high-
temperature tolerance features of the key parts of the
equipment, it can provide evidences for the installation of
sensors in key parts of the equipment. The texts below
introduced the evaluation indicators of the severity of thermal
fault damages of the equipment.

Assuming: p represents the duration of thermal fault; /
represents the current amplitude of the equipment; Ixr(p)
represents the current amplitude of the equipment
corresponding to duration time p on the high-temperature
tolerance curve, then the severity index of thermal faults Ry
could be defined by Formula 20, which can describe the

severity of thermal fault damages in key parts of the equipment:

1-1

R=—>
‘ 1=l (P)

(20)

When thermal fault damage occurs to a certain part of the
equipment, if the equipment current is smaller than /,,;, and the
time duration is longer than ..., the equipment will operate
abnormally. If the equipment current is between i, and Lyax
and the duration is between Wui» and W, the equipment is in
an uncertain state, otherwise it runs normally. Based on the
generalized high-temperature tolerance curve of key parts of
the equipment, it’s defined that the duration severity index of
thermal fault damage of the equipment is represented by QWR,
the current amplitude severity index of thermal fault damage
of the equipment is represented by NJF, and the
comprehensive severity index of thermal fault damage of the
equipment is represented by NOWR, their expressions are
given by the formulas 21-23. Then, the severity of the thermal
fault damage of the equipment was quantified, the greater the
influence, the more serious the thermal fault. Assuming: Z
represents the duration and amplitude of thermal fault damage
of the equipment, G represents the mapping function, in order
to evaluate the severity of the thermal fault damage of the
equipment based on the weight function, at first, an influence
degree function £ was constructed, as given by Formula 24.

0./ > ¥ ey
100
QWR(V)= Viax —V X( Jv
( ) max — ¥min (2 1 )
100! l// < l//min
Y min < 4 < V max
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E=G(Z),0<E<1 (24)

For the relationship between the influence degree of thermal
fault damage and high-temperature duration and equipment
current amplitude, it has the features of changing faster in the
middle and slower at both ends. Assuming ¢ and ¢ are control
parameters, then there is:

1

T 14der (25)

According to the interval statistics of duration of equipment
thermal fault damage and the equipment current amplitude of
thermal fault, the probability of thermal fault occurrence is
relatively high within the interval of a high-temperature
duration between 5-10 minutes and an equipment current
amplitude between 20-30A. Therefore, in terms of the
influence of high-temperature duration, it’s considered that the
influence degree of a high-temperature duration of 5Smin is
0.05, and the influence degree of a high-temperature duration
of 10min is 0.95; while in terms of the influence of equipment
current amplitude, the influence degree of an equipment
current amplitude of 20A is 0.15, and the influence degree of
an equipment current amplitude of 30A is 0.95, thus, the
influence degree function about the high-temperature duration,
equipment current amplitude, and the thermal fault damage
event of the equipment can be expressed as:

1
PE=T 7o (26)
1
NE = 1+d (27)
2 2
E_ PE 2+NE (28)

4. EXPERIMENTAL RESULTS AND ANALYSIS

To overcome the influence of the internal temperature
changes of the equipment on the thermal fault detection results,
this paper eliminated some uncertain factors of the internal
temperature changes of the equipment, and gave the criterion
of relative temperature difference of some equipment in the
experiment (Table 1), so that the detection results of thermal
faults could be more accurate and reliable.

For a specific type of thermal faults, the sensor points of the
heterogeneous multi-sensor monitoring system of the
equipment were set, and the specific conditions of the sensor
points of the corresponding equipment lines are given in Table
2. Based on this, changes in the collected signal of each sensor
node of the sensor monitoring system with the location of
thermal faults in the equipment lines could be inferred further.



After attaining the number of intersections of the threshold, the
changes in the observability of sensors when thermal faults
occur at several key parts in the equipment lines could be
inferred. Since within the preset interval of thermal fault
recognition of each sensor, the observability of sensor nodes
remains unchanged, the observability of sensor nodes when
thermal faults occur at several parts in the equipment lines
could be used to characterize the observability in case of
continuous thermal faults in the equipment lines.

Then, based on the constructed observability matrix of the
heterogeneous multi-sensor monitoring system, the optimal
configuration scheme of sensor monitoring points was solved
using various algorithms, and the observation ability function
values of the thermal fault monitoring system containing 18
sensors were obtained, as shown in Table 3. Table 4 gives the
configuration of monitoring points of the sensor system, which
includes four aspects: node configuration result, observability
constraint, observation ability, and reliability. According to
the table, the solution obtained by multi-objective Particle
Swarm Optimization (PSO) could meet the observability

constraints on the premise of considering the continuity and
integrity of the lines, and the obtained configuration scheme is
conducive to further data fusion.

One group of data in the local MSIF results obtained in
chapter 2 was taken as an example to perform the fusion
experiment (temperature: 45.6°C, humidity: 3.5%, equipment
current 21A), then, based on the constructed membership
function, the fuzzy membership of the eigenvalue parameters
of the data collected by various types of sensors can be
calculated, and the results are shown in Table 5.

Table 6 shows the basic belief assignment function values
corresponding to various types of sensors, these values
describe the support degree of the information of internal
environmental factors of the equipment collected by
heterogeneous multi-sensors to the thermal fault recognition
framework. According to the table, the preset threshold was
lower than the average similarity between evidences,
indicating negative correlation between evidences, namely the
conflict degree hadn’t reached an unacceptable level. Table 7
lists the results of MSIF.

Table 1. Criterion of relative temperature difference of some equipment

Relative temperature difference %

Equipment No. General thermal fault Major thermal fault Emergency thermal fault
1 >41 >82 291
2 >45 >84 295
3 >42 >88 294
4 >48 >83 293
5 >52 >86 295
6 >42 >81 292
7 >47 >85 295

Table 2. Number of line points of the sensor system

Line No. Number of points Line No. Number of points Line No. Number of points

1 15 11
2 13 12
3 21 13
4 8 14
5 24 15
6 26 16
7 7 17
8 22 18
9 13 19
10 9 20

47 21 22
5 22 17
23 23 11
19 24 16
15 25 10
22 26 5
17 27 9
13 28 25
8 29 22
8 30 13

Table 3. Observation ability function of the sensor system

Node No. Observation ability Node No. Observation ability Node No. Observation ability

1 0.0265 7 0.1486 13 0.0415
2 0.0147 8 0.0723 14 0.2962
3 0.1852 9 0.2759 15 0.2184
4 0.2729 10 0.3394 16 0.3629
5 0.0748 11 0.0326 17 0.3741
6 0.2325 12 0.2748 18 0.3052
Table 4. Configuration of measuring points of the sensor system
Multi-objective Conventional Conventional genetic Conventional ant colony
PSO PSO algorithm optimization
Configuration result 3,5,8,17 2,7,10,13 6,11,18 8,12,15,17
Observability constraint Satisfy Not satisfy Not satisfy Satisfy
Observation ability 0.7481 0.6329 0.6852 0.6108
Reliability 65.12% 67.43% 62.84% 67.35%
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Table 5. Fuzzy membership degree corresponding to data
collected by various types of sensors

Temperature Humidity Equipment current
X 1 5 3
Y 0.325 0.317 0.396
A 0.674 0.629 0.715
Table 6. Basic belief assignment function
Temperature Humidity Equipment current
n(X) 3 1 4
n(Y) 0.285 0.25 0.157
n(2) 0.384 0.492 0.486
n(D) 0.357 0.331 0.284
Table 7. Results of MSIF
Temperature Humidity Equipment Fusion
current result
n(X) 5 2 4 1
n(Y) 0.281 0.268 0.139 0.052
n(Z) 0.374 0.495 0.418 0.826
n(D) 0.317 0.359 0.262 0.168

Judging from the data in Table 7, among focal elements X,
Y and Z, the confidence level of Z was the highest. According
to the original data of this fusion: temperature 45.6°C,
humidity 3.5%, equipment current 21A, and combining with
the preset interval of thermal fault recognition of X
(temperature 40°C-95°C, humidity 10%-15%, equipment
current 20A~30A), it can be judged that the fusion results of
MSIF using the fusion algorithms adopted in this paper could
basically meet the expectations.

Current
sensor

Humidity
sensor

Temperature
sensor

0 0.2

0.4
Confidence level of thermal fault recognition

0.6 0.8 1

Figure 3. Changes before and after data fusion

In order to intuitively reflect the changes before and after
MSIF, this paper employed MATLAB to display the fusion
results based on the column diagram, as shown in Figure 3,
after MSIF for multiple times, the uncertainty of equipment
thermal fault detection decreased gradually, the confidence
level of thermal fault recognition increased gradually, and all
involved evidences converged toward a certain direction.
Based on the thermal fault detection decision-making formula
proposed in the D-S evidential theory, after fully referring to
the real examples of equipment thermal faults, in this paper,
the threshold value was set to be 1.5, and the final judgement
was that the equipment had a great probability of thermal
faults. Thus, it can be known that, the multi-cycle fusion
processing of the data collected by multiple sensors could
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effectively avoid the inaccuracy of thermal fault detection
results caused by one-time collection of single-type data,
enhance the complementarity of information, and reduce the
detection errors.

5. CONCLUSION

This paper studied the thermal fault detection of mechanical
and electrical automation equipment and analyzed the severity
of thermal fault damages. At first, the information fusion of
heterogeneous multi-sensors installed in key parts of the
equipment was discussed, and a MSIF algorithm had been
proposed based on the D-S evidential theory. Then, the
influence of thermal fault damages on different parts of the
equipment was evaluated, which could provide evidences for
the installation of sensors in key parts of the equipment.
Combining with experiment, this paper proposed criterion of
relative temperature difference for some equipment, which
could make the detection results of thermal faults more
accurate and reliable. After that, this paper gave the specific
numbers of sensor points in each equipment line, and several
algorithms were employed to solve the optimal configuration
scheme of sensor monitoring points based on a constructed
observability matrix of the heterogeneous multi-sensor
monitoring system, the values of each observation ability
function of the thermal fault monitoring system containing 18
sensors were attained, and the obtained configuration scheme
was conducive to further data fusion. Finally, this paper also
gave the changes before and after data fusion of various types
of sensors, and the results had proved that the multi-cycle
fusion processing of the data collected by multiple sensors
could effectively avoid the inaccuracy of thermal fault
detection results caused by one-time collection of single-type
data.
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