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In order to solve the problem of intelligent fault diagnosis of thermal system of
thermal power unit, the application modelling of intelligent diagnosis of thermal
cycle system is proposed. This paper first filters the influence of the change of
valve opening of steam turbine on the performance index under the condition of
constant power, and qualitatively analyzes the actual change of the performance
index compared with the reference working condition when the component fails, so
as to eliminate the mutual influence between the components. Then, the selection
principle of thermodynamic parameters is determined, the irreversible loss in the
structural theory of thermal economics is introduced as the performance index,
and the model is used to quantitatively calculate the change of performance index
of each component under fault conditions to diagnose the failed component. Fi-
nally, APROS simulation software is used to simulate various fault conditions of
330 MW units in a power plant. The experimental results show that the recognition
accuracy of the monitoring system designed in this paper can reach 98.33%. In
conclusion, the method in this paper proves the feasibility of intelligent fault diag-
nosis of thermodynamic system network.
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Introduction

With the continuous development of the power industry, more and more large units have
been put into operation of the power plant, and the capacity of the main units has increased (300
MW, 600 MW). Once the unit downtime, in addition the power plant itself caused huge economic
losses, will also have a great impact on the entire power grid, causing significant economic losses
and social consequences. In order to ensure the safe and reliable operation of the system, it is
necessary to study the fault diagnosis of power plant production, in order to find the fault as early
as possible, deal with it in time, and reduce the loss to the minimum. Thermal system is the main
part of power plant production, this part of the fault diagnosis is particularly important.

With the continuous development of intelligent technology, the research on fault di-
agnosis technology of thermal power plant will be further developed to the measurement point
optimization, fault location, multi-fault diagnosis, fault prediction and fault diagnosis system
integration. This process will be closely integrated with the lifetime diagnosis of equipment, in-
telligent technology (especially knowledge acquisition and control between knowledge levels)
and information fusion technology, at the same time, the role of domain knowledge and domain
experts will become more important. As shown in fig. 1.
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MM Computer vision system envirenment human brain can be formed, its performance in
the field of image information recognition and
image information fusion has been widely rec-
ognized. In order to this end, the author combined the deep learning algorithm with machine
vision technology, and based on the deep learning algorithm, sensed multiple vision sensors
to collect the network fault data of the thermal system [1]. Machine vision systems based on
deep learning can be complementary to traditional machine vision. In order to ensure the safety
and stability of power plant operation, scholars at home and abroad have done a lot of research
on this problem, and developed a variety of diagnostic methods for power plant thermal sys-
tem or some equipment fault diagnosis, and achieved certain results. Wang et al. [2] adopted
two mathematical criteria obtained through thermal economic analysis to identify components
where faults occur. Wang ef al. [3] obtained the fault data by establishing the thermodynamic
simulation model, and introduced the thermal economic structural theory diagnosis model to
complete the fault source location. Zhao et al. [4] proposed an intelligent diagnosis method,
which applied fuzzy neural network (FNN) for local diagnosis, multi-source information fusion
technology is used for global diagnosis, which can quickly and accurately complete the task of
single fault diagnosis and multiple fault diagnosis of different types. Foreign scholars have con-
tinuously improved and applied the structural theory of thermal economics based on analytical
methods, Miri et al. [5]. This paper studies the additional resource consumption caused by the
intervention of the control system, and takes the lead in proposing the influence caused by the
control system in the process of filtering diagnosis.

Figure 1. Machine vision technology

Methods
Establishment of the model

In the thermal system of a thermal power plant, each component has a corresponding
index to evaluate its operating performance, and this index has a certain functional relationship
with the thermal parameters of the component. Therefore, it can be considered that each compo-
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Figure 2. Schematic diagram of ption, S

thermodynamic parameter — performance i, as shown in fig. 2. Once the working con-
index characteristic curve dition is determined, this functional relation will
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be determined accordingly. Therefore, it can be considered that the characteristic curve of the
reference working condition is invariant under certain boundary conditions of the system, and
the characteristic curve will change only when the component fails [6].

Under the premise of maintaining the same shaft power as the reference working con-
dition, the thermal parameters of each component in the fault working condition will change.
As shown in fig. 1, if there is A fault in a part, when its thermal parameters change from 7, to z,,
the operating performance point of the part will change from the reference state A to a new state
C. The difference in value between two state said the change of the component performance Az
also said so quantitative:

Al:fmal (‘[2)_fref(rl) (2)

If there is no fault in the component and only the reference working condition charac-

teristic curve is considered, then when the thermodynamic parameter produces A 7 change, the

operating performance point of the component will change from state A to state D, indicating

that the component will also produce the change of performance index AJ under trouble-free
working condition:

AS = fref(TZ)_fref (Tl) (3)

In fact, the process of going from point A to point C can be broken down into going
from point A to point D and then to point C. Therefore, the actual fault Ay (CD section) of com-
ponents under fault conditions should be the total performance change A: (CF section), minus
the performance index change Ad (DF section) that will occur only with the thermal parameter
change of components without fault:

AY = foal (Tz)—fref(fz)zAl—A5 “4)

where Ay only represents the performance change caused by the fault of the component itself,
theoretically, the influence of other components on it is eliminated (that is, the induced fault),
and the mutual influence between components is decoupled [7].

Eliminate the influence of valve opening on performance indicators

Since the unit is usually connected to the grid in practice, its output power is often
required to reach a certain value. Therefore, it is more practical to discuss the model under the
condition of constant power than constant flow.

Under the fault condition of keeping the 93
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It is assumed that the power-performance index characteristic curves of any compo-
nent under reference and fault conditions have been obtained, as shown in fig. 3.

Qualitative analysis of actual variation of performance indicators

According to the previous analysis, in order to eliminate the additional influence of
the regulation system action, Point B of state is used instead of Point A as the reference bench-
mark. In order to this end, Ad in fig. 1 is deducted from the difference Ap between the perfor-
mance indexes of two reference Points A and B, and a new index Aw is obtained:

ATc:fref (TZ)_fref (T3) =A5—Ap (5)
where Ar is the performance index change of components with the change of thermodynamic
parameters when point B is taken as the benchmark under free working condition. Equation (4)
can also be re-written:

Ay =A1—Ap—Arn (6)
Due to two filters on valve opening effects and component interactions, Ay is the actu-
al change of the component performance index. Therefore, in the case of obtaining a component

characteristic curve, Ap and Ar can be used to calculate Ay, so as to diagnose the fault of the
component:

An:fref(TZ)_fref(T3)zZ[afifJ (2'2—13):A§ (7)

—\ 07y

where n partial derivatives can be solved by simultaneous 7 of the following equations, which
is the approximate value of the partial derivative term in egs. (8) and (9):

afref ~

Tk

where n represents the number of a series of trouble-free working conditions near the free work-
ing condition point, and its value is equal to 7

AK=AI—Ap—A§:Al—Ap—Z((ZPLf] Aty 9)
k T 73

Deep learning visual inspection system
Overall structure of deep learning visual inspection system

On the left is the offline part: after collecting positive and negative sample pictures in
the field, and taking them as input, the adaptive neural network model is calculated by Python’s
deep learning library, and the model is imported at runtime for error-proof calculation.

On the right is the field runtime detection system software, which contains the fol-
lowing modules: the image acquisition module of the camera, the communication module for
communicating with PLC, the deep learning algorithm module, the database recording module,
the parameter setting module and the interface Ul. When realizing the corresponding functions,
UI calls each function module to realize the complete functions of picture acquisition, picture
processing, result recording, parameter setting and result return. The PLC communication mod-
ule based on SNAP7 protocol first detects the picture acquisition trigger signal given by PLC in
real time, and the collected picture is preprocessed, such as clipping and homogenization, and
then transmitted to the deep learning algorithm module, which calculates the error prevention
result. The error prevention result is written into the DB block of PLC through the PLC commu-
nication module, and the result is recorded to the local database at the same time [8].
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Selection of hardware used in deep learning visual inspection system

The hardware of vision system mainly includes camera, lens and light source.

The selection of camera is mainly based on the detection accuracy and field of view
of the vision system. The selection of lens mainly considers the detection environment. The se-
lection of light source is based on making the important features of the measured object appear,
and as far as possible to avoid the negative impact of ambient light.

As shown in tab. 1, the camera type selected by this detection system is an ordi-
nary industrial camera, the detection accuracy is required to be 1 mm, and the field of view is
600 mm x 200 mm, according to the resolution F = field of view/detection accuracy, it can be
known that the camera resolution is at least 600, considering the resolution parameters and cost
of most cameras on the market, it is confirmed that 130 W (1280 x 1024) pixel industrial camera
is selected, and the product model is acA1300 — 30gc. According to the sensor size of the cam-
era and the lay-out of the site, the working distance of the vision system is 500 mm, according
to the focal length of the lens = object distance x sensor size/field of view, the wide-angle
lens with a focal length of 4 mm is selected. According to the detection needs of this case and
based on the robustness brought by deep learning, ordinary LED infrared strip light source can
be used to meet the detection needs, and the light source model is LIM — 800 x 40 — IR —W,,

Table 1. Hardware parameters of the vision system

Camera Image Field Type
model semsor | o s Resolution | Wavelength den o Lens Light type
size
acA1280 | 1280 x |600 mm X| 2.1 pixels/ | Infrared, Infrared 4 mm LIM — 400 x
—60gc 1024 | 200 mm mm 850 nm bar light | extensionring | 40 —IR - W

Experimental analysis

The model is applied to the performance diagnosis of a 330 MW thermal power unit.
The model of the steam turbine unit is N330-16.67/538/538, the flow through part is composed
of one high pressure cylinder, one medium pressure cylinder, two low pressure cylinders, one
condenser, and one small steam engine, the regenerative system consists of three high pressure
heaters, one deaerator, four low pressure heaters, one hydrophobic cooler, one shaft seal heater,
one feed pump, and one condensate pump. The first heater is the heater with the highest ex-
traction pressure, and so on, seventh heater is the heater with the lowest extraction pressure, and
each heater is connected by hydrophobic self-flow step by step.
The established APROS model was used to simulate three fault conditions under the
reference condition and the constant power condition, the fault-free condition with the same
valve opening as the fault condition (i.e., the free condition point), and the fault-free condition
near several free condition points, the thermal parameters of each component under different
working conditions are obtained. The heat consumption guarantee condition (THA) without
fault is selected by reference to the operating condition. The fault-free condition near the free
condition point is obtained by adjusting the main steam flow. The three fault conditions include:
— The efficiency of the first stage of the regulating stage and the middle pressure cylinder
decreases by 5%.

— The second high plugging pipe 10% and fault condition 1 occur at the same time.

— Under 80% variable working conditions, the efficiency of the first stage of the regulating
stage and the high pressure cylinder decreases by 5%, and the third high blocking pipe de-
creases by 10%.
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Because these three working conditions simulate the common faults in the actual op-
eration of the unit, and consider the failure under variable working conditions, the diagnosis
results are representative to a certain extent.

Taking fault Condition 1 as an example, the unit was divided into several parts to be
diagnosed, and the thermal parameters simulated by APROS were used to calculate the exer-
gic flow per share in fig. 3 under different conditions, and according to the irreversible loss
of each component under reference condition, fault condition and free condition. Then Az in
eq. (10) can be re-written:

AlCﬁf = IC—i,mal - IC—,ref (10)
where Ap in eq. (5) is:
ApC*S = Icfs,free _IC—>,ref (11)

Results and discussion

In the calculation, the thermodynamic parameters of other stages of the turbine are
selected the same as those of the regulating stage. The thermal parameters of the heater are
inlet water pressure, inlet water temperature, outlet water pressure, outlet water temperature
and extraction flow rate. Superheater and reheater choose outlet steam pressure, steam flow rate
and inlet working medium pressure. All kinds of pumps choose inlet working medium pressure,
temperature and flow. The steam inlet pressure, steam inlet enthalpy, condensate pressure and
flow rate are selected for the condenser. The number of fault-free operating conditions simu-
lated near the free operating point should be equal to the thermal parameters selected for each
component. In addition, since fault Condition 3 occurs under variable working conditions, the
corresponding reference condition is selected as the 80% heat consumption guarantee condi-
tion, and the power is also kept at 80% rated power [9, 10].

The 100 pictures of the thermal system were used in the test (including 50 pictures
of the normal thermal system and 50 pictures with fault conditions) for three tests. Firstly, the
image segmentation algorithm proposed by the author is used for preprocessing, and then the
convolutional neural network is used to classify and recognize the preprocessed images. The
processing results obtained are shown in tab. 2.

Table 2. Image recognition results

110 Test | Number | Right amount Correct
- I Quantity 1 100 98 98%
S 1051 The correct quantity
g 2 100 99 99%
g 1001 3 100 98 98%
951 According to tab. 2 and fig. 4, the recogni-
tion accuracy of the monitoring system designed
901 by the author can reach 98.33%.
o] In order to present the methods and ideas
proposed more clearly and visually, taking the
804 - regulation stage as an example, the calculation
! Test 3 results of the regulation stage under three fault
Figure 4. Comparative analysis of conditions are expressed quantitativ§ly. Tgking
image recognition fault Condition 3 as an example, Point A is the

reference condition point where no fault occurs,
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when the unit power is kept constant, the state Point C under fault condition can be obtained.

However, the AC segment cannot represent the real index change caused by the efficiency

decline of the regulator stage, therefore, Point D, which has the same boundary conditions

as Point C under the reference working condition, should also be considered, the difference
between AC segment and AD segment is the actual index change caused by the failure of the
regulator stage. In the case of constant power, the change of regulating valve opening will cause
interference to the performance index, so it is necessary to filter the influence of regulating
stage, thus, the free working condition Point B is introduced, namely, the imaginary fault-free
working condition point with the same valve opening as the working condition Point C. It can
be seen from the calculation results that the power of Point B increases and the performance
index changes compared with Point A. Taking Point B instead of point A as the reference, the
index change affected by valve opening is eliminated, which is the process of BCD.

Through the aforementioned quantitative analysis, the following conclusions can be drawn:

— Under the three fault conditions, each faulty part will affect other non-faulty parts, resulting
in induced faults. As shown in tab. 1, in fault Condition 1, due to the failure of the regulating
stage, the exhaust enthalpy of the high pressure cylinder increases and the heat absorption
of the reheater decreases, so the irreversible loss is negative. At the same time, the increase
of exhaust enthalpy of high pressure cylinder will lead to insufficient output of high pressure
cylinder, in order to ensure certain output, it is necessary to increase the flow rate, so that the
heat absorption in the boiler increases, so the irreversible loss is positive. The failure of Lev-
el 1 group of medium pressure cylinder finally causes the increase of exhaust enthalpy of
low pressure cylinder, the condenser cold source loss increases, so a large irreversible loss
is generated, and its negative value is due to the negative entropy in the system containing
the condenser. In fault Condition 2, the increase of end difference of second high additive
will cause a large irreversible loss of first high additive. Similarly, under fault Condition 3,
the fault of third Gaoga will also affect second Gaoga. The decrease of the efficiency of the
regulator stage and the first stage group of the high pressure cylinder will affect the exhaust
enthalpy of each cylinder, so as to affect the heat absorption of the boiler, reheater and con-
denser, and cause a great change of irreversible loss.

— By introducing Ap and A, the variation of performance index is filtered twice, basically,
the fault induced by the faulty component on the non-faulty component can be eliminated,
that is, the Ax of the non-faulty component should be 0. Although the Ax value of non-faulty
parts is obviously smaller than that of faulty parts, it does not change to 0. This can be un-
derstood as an error ¢.

Conclusion

The author proposes the application of machine vision technology and deep learning
in network fault diagnosis of thermal system, the overall functional structure of intelligent fault
diagnosis system of thermal system of thermal power unit, according to the main algorithm
module of the model software, the fuzzy mathematical expression methods of semantic type
and trend type are discussed in detail in fault diagnosis of power station thermal system, the
comprehensive application can effectively increase the timeliness of the fault diagnosis process
and the stability and reliability of the diagnosis results. Two intelligent fault diagnosis models,
fuzzy pattern recognition and ANN, are presented, and the technical points of the two models
are discussed. These technologies have been used in the development of an intelligent fault
diagnosis system for thermal power units, and good results have been achieved.
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