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Abstract: The superheater and re-heater piping components in supercritical thermal power units are
prone to creep and fatigue failure fracture after extensive use due to the high pressure and temperature
environment. Therefore, safety assessment for superheaters and re-heaters in such an environment is
critical. However, the actual service operation data is frequently insufficient, resulting in low accuracy
of the safety assessment. Based on such problems, in order to address the issues of susceptibility
of superheater and re-heater piping components to creep, inaccurate fatigue failure fracture, and
creep—fatigue coupling rupture in a safety assessment, their remaining life prediction and reliability,
as well as the lack of actual service operation data, multisource heterogeneous data generated from
actual service of power plants combined with deep learning technology was used in this paper. As
such, three real-time operating conditions’ data (temperature, pressure, and stress amplitude) during
equipment operation are predicted by training a deep learning architecture long short-term memory
(LSTM) neural network suitable for processing time-series data and a backpropagation through
time (BPTT) algorithm is used to optimize the model and compared with the actual physical model.
Damage assessment and life prediction of final superheater tubes of power station boilers are carried
out. The Weibull distribution model is used to obtain the trend of cumulative failure risk change and
assess and predict the safety condition of the overall system of pressurized components of power
station boilers.

Keywords: superheater and re-heater; creep and fatigue failure fracture; safety assessment; reliability;
deep learning; Weibull distribution

1. Introduction

Although nuclear power, hydroelectric power, wind power, solar energy, and other
energy-acquiring power generation technologies have developed rapidly, the world’s
electricity supply is still dominated by thermal power and improving steam parameters
of thermal power units is an effective solution to improve power generation efficiency
and alleviate the energy crisis and environmental damage existing at present [1,2]. The
long-term service of high-temperature materials in power plant boilers usually leads to
different degrees of creep, fatigue, and creep—fatigue coupling damage under the coupling
of extreme conditions, such as high temperature, high pressure, and stress fluctuations,
which cause potential problems in the safe operation of the unit. However, a method for
rapidly and accurately assessing damage status and the remaining life of a component is
lacking at this stage.

Process control engineering continuously stores and accumulates not only these pro-
cess operation data in time but also extends data transmitted between and within collected
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devices and people in space to obtain large-capacity data at different scales in both time
and space dimensions. However, such massive amounts of data are poorly applied to
the process of equipment health diagnosis and damage assessment. According to [3], the
process industry can improve productivity using big data analysis and applications. A
model was established using the process’s normal operation data. Based on such a model,
the fault detection indicators and their control limits for fault detection could be defined
for fault detection and diagnosis. The cause of faults can be detected before product quality
control and user feedback occur. In addition, abnormal working conditions, which could
lead to serious faults and unsafe accidents, can be diagnosed. It is impossible to describe the
dynamics of the process when process data are dynamic time series with strong autocorrela-
tion or dynamic correlation with traditional static latent structure modeling methods. Thus,
providing an accurate quantitative assessment of the damage state of in-service equipment
is also impossible.

With the rapid development of artificial intelligence technology, deep learning pro-
vides strong technical support for health diagnosis and analysis prediction of industrial
equipment big data due to its powerful data processing and analysis capability [4,5]. Since
2006, deep learning has become an important research direction that redefines state-of-the-
art performance in a wide range of areas, such as object recognition, image segmentation,
speech recognition, and machine translation [6—12]. Data-driven solutions that use deep
learning have been increasingly used with the widespread deployment of low-cost sensors
as a source of data in modern manufacturing systems and connectivity to the Internet.
These sensors continuously collect measurement data in time series, and patterns found
in time series data allow for proactive anomaly detection and trend prediction to prevent
failures and defects [6]. Deep learning algorithms demonstrate excellent performance in
many areas [11,12]. Although deep learning research has been extensively applied to ma-
chine health monitoring, studies on data pooling for remaining life expectancy prediction
are limited. Accurate remaining life prediction can remarkably improve the reliability and
operational safety of industrial components or systems, avoid fatal failures, and reduce
maintenance costs, especially in the remaining life prediction of large equipment [13-17].

Heating surface systems in supercritical thermal power units, especially final-stage
superheater tubes, are exposed to the most severe environment and prone to creep and
fatigue failure fracture during prolonged operation under high-pressure and -temperature
environments. Hence, the accurate prediction of creep and fatigue damage life is important
in the use and design of final-stage superheater tubes. A series of studies on deep learning
in industrial big data time prediction has obtained excellent results in different scenarios
for the prediction of the remaining lifetime of equipment components [18-26].

The direction of creep, fatigue, and coupled creep—fatigue damage characteristics of
key pressure-bearing component materials of power plant boilers and their remaining
life prediction and early warning of pressure-bearing components were explored in this
study using multisource heterogeneous data generated from the actual service of power
plants combined with deep learning technology. We divided the life and damage prediction
into the following parts: (1) autoregressive industrial time-series data and (2) damage
and life prediction problems. The deep learning architecture of long short-term mem-
ory (LSTM) [11] is suitable for processing temporal data and applied to train temporal
prediction models using run-time data. Then the models are optimized using the back-
propagation through time (BPTT) algorithm. Once the models are obtained from the final
training, they are used to predict three types of real-time operating condition data, such
as temperature, pressure, and stress amplitude, during equipment operation. Meanwhile,
predicted operating condition data are used as input for damage and life calculations with
a physical model to improve the results and provide a new method for damage assessment
and life prediction of high-temperature components.
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2. Simulation and Calculation Methods
2.1. Creep-Fatigue Interaction of Materials

The case where the material is simultaneously subjected to alternating loads, including
alternating pressure or temperature, at high temperatures is called creep-fatigue interaction
damage, which is a complex damage problem.

Creep—fatigue interaction damage of the material can be expressed as follows:

I
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where Dy indicates the fatigue damage fraction, D, indicates the creep damage fraction,
and D indicates the accumulated damage at the time of reaching failure. Tj. is the load
retention time at the ith load level, n. is the creep fracture time at the ith load level, C is the
number of stress levels (n. = shear stress/shear strength), n; is the number of cycles at the
jth stress/strain amplitude, Njf is the number of cycles where fatigue failure occurs at the
jth stress/strain amplitude and ng¢ is the number of different stress amplitudes [27].

2.2. Operating Condition Data of Final Superheater Operation

Creep and fatigue damage will jointly affect the service life of the final superheater heat
exchanger tube due to their dual role when constantly exposed to a high-temperature and
-pressure environment. Failure of structural components before their predicted lifetimes can
often result in significant losses. This study aims to obtain increasingly reliable remaining-
life prediction results, learn existing operation rules and laws using deep learning methods,
and simulate the future operation trend state of the power plant boiler directly using
existing power plant boiler operation data.

2.3. Model for Simulating Equipment Operating Conditions

DCS (Distributed Control System, as shown in Figure 1) used in industrial production
generate large amounts of data every minute of every day. DCS data collected at different
times are called time-series data, which are information with one or more characteristics
that change over time.
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Figure 1. DCS system collects temperature and pressure data from the final superheater outlet.

Time-series forecasting is classified differently depending on the perspective. Time-
series forecasting can be divided into traditional statistics and machine learning (also
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divided into non-deep and deep learning) from the point of view of implementation princi-
ples. As shown in Figure 2, single and multistep forecasts are simply the difference between
forecasting one time unit and multiple time units in the future. Time-series forecasting
can be divided into (1) autoregressive forecasting and forecasting using covariates from
the perspective of input variables depending on whether or not the dimension contains
covariates, (2) point and probabilistic predictions from the perspective of output results,
and (3) univariate, multivariate, and multiple time series predictions from the perspective
of the number of targets. These classifications are under different perspectives, and the
same algorithm is often only used based on one of the classifications; for example, tradi-
tional statistical algorithms are only feasible for autoregressive prediction but unsuitable
for covariate prediction [17].

One-step

Autoregressive Single point Univariate
prediction prediction prediction prediction
Multistep Covariate Probability Multivariate
prediction prediction prediction prediction

Figure 2. Time-series prediction classification.

As shown in Figure 3, three typical algorithms can be used for timing prediction, of
which the LSTM algorithm is the most widely used and best applied. Simple moving
average (SMA) is an easy-to-implement algorithm in statistics that is very effective in
reflecting trends in data over time while ignoring cyclical changes in data. The ARIMA
algorithm is obtained from the moving average (MA) and adding the autoregressive (AR)
operator. With the complement of the moving average, it reflects the cyclical pattern of
data and predicts the time series in a one-dimensional and time-strong correlation scenario
successfully from a statistical point of view.

1. SMA/ARIMA

One-step [ Autoregressive ] [ Single point ]
prediction prediction prediction

Univariate

2. LSTM

Multistep Autoregressive Single point Univaniate
prediction prediction prediction prediction

Figure 3. Time-series prediction algorithm.

2.4. Creep—Fatigue Life Calculation
Fatigue Life Calculation of Final-Stage Superheater

The fatigue damage model can be used to calculate the accumulated fatigue damage of
the final superheater made of Gr. 91 during future service after applying the trained neural
network model to predict the pressure and temperature of boiler operation. The fatigue
cycle of Gr. 91 steel related to the strain amplitude of the material is expressed as follows:

% = 0.002066(2Ng) 0410 1 0.532(2Np) 06682 @)
where Ae indicates the dimensionless strain amplitude and N indicates the fatigue life
under strain and is the maximum number of cycles withstood under that strain condi-
tion [28].

Circumferential stresses are primarily applied inside the superheater tube. Hence,
calculating circumferential stresses on the basis of pressure conditions inside the tube is
necessary to determine strain amplitude variables inside the tube and thus obtain strain
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variables. The value of the strain variable is obtained when the working pressure is changed.
The circumferential stress is calculated as follows:

p(Do —S)

23 ®)

Og —
where og indicates the circumferential stress, MPa; p indicates the pressure under normal
operation of the pipeline, MPa; D indicates the outside diameter of the pipe, mm; and S
indicates the wall thickness of the pipe, mm.

The strain can be calculated from the stress and modulus of elasticity as follows:

€= E/ (4)

where ¢ indicates the amount of dimensionless strain change; o indicates the stress, MPa;
and E’ indicates the modulus of elasticity, MPa/ mm?.

2.5. Pressure Parameter Fluctuation Detection

Detecting the fluctuation of the pressure parameter is crucial when predicting the
fatigue life of a material. Fatigue damage fraction per unit time, total accumulated fatigue
damage, and the fatigue remaining life of different materials of various parts of the system
can be calculated on the basis of the fluctuation value of the pressure parameter and joint
Equations (2)—(4). Actual scenes typically contain many noise points in data, and the
selection of the peak position may be biased. Fully understanding parameters, such as
width, threshold, distance, and especially prominence, is important to obtain a satisfactory
extraction peak because noise may change the position of the local maximum.

Distance represents the minimum horizontal distance (>1) required between adjacent
peaks in terms of sample size. The selected distance value in the example is small to ensure
that noise points with large values in the leftmost part of simulated data are considered
peaks. Prominence represents the prominence of the peak and can be interpreted as the
minimum descent height required to move from the summit to any higher terrain. The
prominence value selected in Figure 4 is 1.
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Figure 4. Diagram of (a) distance- and (b) prominence-based wave detection algorithm to capture
peaks in pressure changes.

The threshold represents the difference between the peak and neighboring points. The
threshold value selected in Figure 5 is 0.4. Noise points are typically located near peak
points, and the interpolation with peak points fails to reach the range specified by the
threshold. Hence, the algorithm fails to search for peak points.

The performance of find_peaks when changing threshold
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Figure 5. Diagram of the threshold-based wave detection algorithm to capture peaks in pressure
changes.

2.6. Creep Life Calculation of Final-Stage Superheater

Power plant boilers become supercritical when frequent peaking occurs in the long-
term operating temperature which is higher than the temperature at which creep damage
occurs in the material. Therefore, the heating surface of the components of the tube still
presents different degrees of creep damage regardless of the depth of peaking and the
creep damage rate of the material will also show corresponding changes with operating
parameter changes. The main parameters include flue gas temperature, flue gas flow rate,
steam pressure, and steam temperature. The operating data parameters at the millisecond
level for the time period can be obtained and then combined with the material creep life
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assessment model to calculate the creep damage and remaining life of pressurized parts of
the heating surface per unit time using real-time DCS operating data collected from the
power plant boiler.

The Larson-Miller (L-M) parameter method is based on the principle that a constant P
exists between the service temperature T of the material and the service life t and is widely
used for the creep life calculation of boiler tube materials to obtain improved accuracy. L-M
can be expressed as follows [29]:

P(0) = (Igt + )T ®)

where C indicates the constant of the material, with a value selected with consideration
for the composition, organization, and treatment process of the material. The constant C
value of a material is usually solved using linear regression with the results of persistence
experiments at and near the working temperature of the selected material at a combination
of multiple temperatures (at least three) and stresses (at least four) to solve for the C value
in Equation (5).

Lgt = C + (C1lgo + Colg?o + C3lg’o + Cylgho + ... + Cp)/T (6)

The C value related to the material is obtained using the regression calculation of
Equation (6). The C value, temperature T, and fracture time t are substituted into Equation
(5) to obtain the p-value function corresponding to stress o. The o-P(¢) curve is drawn, and
the functional relationship between p-value and stress ¢ is obtained through the function
fitting calculation as follows:

Py = K] + Kzlg(?' (7)

where K; and Kj are constants.

Therefore, the remaining life t, of the material under constant wall stress o and
equivalent temperature T is the time t at which the fracture occurs under that stress
temperature condition minus the running time ty experienced by the wall; thatis, t; =t —
tp. Combined with Equations (5) and (7), t- can be rewritten as follows:

tr — 10(K1+K21g0’)/T7C _ tO (8)

According to Equation (8), the remaining life of the material can be predicted for the
case of wall stress o and equivalent temperature T. The remaining life of the material can
be deduced using Equation (8) when the pipe parameters of the material in service, such as
outer diameter, wall thickness, and other dimensional data of the pipe, are known and the
equivalent temperature of the material in service T is calculated.

2.7. Critical Component Reliability Assessment

Pressure-bearing components of power station boilers present a complex structure and
contain many tube systems. Notably, heating surface components are usually composed of
a component system with thousands of tubes of different materials. However, the actual
inspection process can only be carried out by sampling the risk state assessment of some
heating surface tubes and the overall components are not fully analyzed. The Weibull model
is used in this study to assess the overall risk status of the three-stage superheater and
high-temperature re-heater, which present the most severe environments for supercritical
power plant boilers in service. Hence, the quantitative calculation of the overall risk status
of components can also be conducted using small samples (a small number of inspection
results).

The distribution function of the three-parameter Weibull distribution is expressed as

follows [30,31]:
_~a\P
F(t)—l—exp[—(t 177> ‘| )



Energies 2022, 15, 1005

8 of 15

where 7 is a scale parameter called characteristic lifetime, which is a lifetime mean that
provides the approximate location of the midpoint of the distribution;  indicates the shape
parameter, with a magnitude that determines the shape of the density profile;  is the
location parameter and also known as the minimum life, which indicates that the product
will not fail before ; and 7, B > 0.

Reliability characteristic quantities of the three-parameter Weibull distribution are
presented as follows.

Fault probability density function:

Bt ()’
£ =B (5 pl( )] (10)

R(t) = exp l— <t_177ﬂ (11)

F(t)=1—exp [ (M)ﬁ] (12)

Reliability function:

Unreliability function:

Failure rate function:

B (t - 7) P
Alt) == — (13)
B =17
Average life expectancy:
1
6='y+171"<1+ﬁ> (14)

where I'(e) indicates the gamma distribution.

Reliable life: .
1 B
tro = 7—1—;7[111()} (15)
Ro

The three-parameter Weibull distribution will be transformed into a two-parameter
one when 7 = 0, at which point probability density and unreliability distribution functions
are expressed in the following forms [32]:

£(t) = 5(2)51 exp [— (;ﬂ (16)
F(t) = 1—exp[—<t>ﬁ] (17)
7
3. Results and Discussion

3.1. Creep Life Calculation of Final-Stage Superheater

The results of the neural network training model were used to utilize DCS dynamic
data effectively and derive the respective dynamic creep damage and remaining life re-
lationship prediction diagrams for T91 and TP347H materials under different operating
conditions in the final superheater stage, as shown in Figures 6 and 7. Both superheater
T91 steel and TP347H steel showed fluctuation in the accumulated degree of creep dam-
age with the extension of service time due to the fluctuation of operating parameters of
power station boilers in actual service. This finding is significantly different from the linear
prediction of traditional physical models using design or historical average parameters.
The analysis of actual operating parameters of the real-time call obtained an increasingly
accurate assessment of the actual creep damage of superheater pressure-bearing compo-
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nents through the real-time call evaluation of actual operating parameters and improved
the accurate diagnosis while avoiding over- or underestimation. The creep damage accu-
mulation caused by T91 steel in the same service time was significantly lower than that
by TP347H steel due to the difference in the service environment. However, compared
with T91 steel, austenitic TP347H steel presented a lower dislocation density and a slower
rate of microstructure aging in service that resulted in a smoother rise in creep rate due
to microstructural stability of the material and other reasons. Significant microstructure
evolution occurred in the service process due to the high density of dislocations in the
microstructure of martensitic T91 steel. Moreover, the special change in the early stage
of tissue aging due to slippage of movable dislocations caused significant aging of the
tissue, which in turn affected the creep resistance of the T91 material, thereby showing a
significant damage transition in the predicted results [33,34]. Notably, in addition to the
environmental fluctuation factor, microstructure evolution is also an important reason for
the difference in damage accumulation characteristics of the two materials.

T91 Superheater Creep Damage Accumulation
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Figure 6. Relationship of service time and creep damage amount of final superheater T91 material.

TP347H Superheater Creep Damage Accumulation
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Figure 7. Relationship of service time and creep damage amount of high-temperature superheater
TP347H material.

3.2. Fatigue Life Calculation of Final-Stage Superheater

Supercritical power plant boilers will produce fatigue damage to the material when
frequent deep peaking steam pressure fluctuations occur in the heated surface tube and
the operating parameters change (main parameters include flue gas temperature, flue
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gas flow rate, steam pressure, and steam temperature), influencing the rate of fatigue
damage to the material, fatigue cycle, and frequency accordingly. The respective fatigue
damage and remaining life of pressurized parts of the heating surface in a fixed cycle can
be calculated using real-time DCS operational data collected from the power plant boiler
combined with the material fatigue life assessment model, as shown in Figures 8 and 9.
The sensitivity of fatigue characteristics of T91 and TP347H materials was less than that of
creep damage although a relationship existed with the microstructure structure. Thus, the
similar fatigue damage accumulation characteristics of the two materials further indicated
that the fluctuation of environmental parameters exerts additional influence on the fatigue
damage of materials.

T91 Superheater Fatigue Damage Accumulation
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Figure 8. Relationship between service time and fatigue damage of the T91 material in the final
superheater stage.

TP347H Superheater Fatigue Damage Accumulation
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Figure 9. Relationship between service time and fatigue damage of the TP347H material of the final
superheater.

3.3. Calculation of Superheater Creep—Fatigue Interaction Life

Creep—fatigue interaction damage was significantly promoted, and the occurrence of
creep damage also significantly increased the degree of fatigue damage and reduced the
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fatigue life of the material. The results of the creep—fatigue interaction damage prediction
model for different materials of the final-stage superheater are illustrated in Figures 10
and 11. Fatigue cracks generated by the accumulation of local damage to the material
promote the sprouting of fatigue cracks and then fracture, which is typical of a penetration
fracture, while creep damage is due to the collection of internal cavities in the material
at grain boundaries to grow into creep cracks, which are typical of fractures along the
crystal. The two failure mechanisms are completely different from a microscopic point of
view. The fatigue crack and hole in materials will generally undergo significant mutual
promotion and development to form a creep—fatigue interaction when a grain-piercing
fatigue crack and a hole in the grain boundary meet. However, the traditional physical
model ineffectively evaluates the creep—fatigue damage state of the material due to complex
operating conditions in the field and failure to calculate real-time fluctuations of operating
parameters into the physical model. Thus, the application effect in quantitative assessment
of the creep—fatigue interaction damage on the actual service process is poor. This study
remarkably improved the accuracy of creep—fatigue damage prediction during actual
service by analyzing and mining operational data related to creep—fatigue damage during
the evaluation of components in service. The results can help ensure the safe and reliable
operation of pressurized components of power station boilers.

T91 Superheater Creep/Fatigue

0.4 1

0.3 1

0.2 1

0.14

Creep-Fatigue Cumulative Damage

0.0 4

0 5000 10,000 15,000 20,000
Running Time(h)

Figure 10. Relationship of creep—fatigue life and damage amount of final superheater T91 material.

3.4. Reliability Study of the Final-Stage Superheater System

Using all inspection methods to ensure the reliability of the system is very unrealistic
due to the large number of superheater tubes in the final stage. Traditional safety assurance
measures for power station boilers in service use a small sample of data combined with
expert experience to assess the safety condition of the entire tube system. Although
traditional methods can guarantee the reliability of the system to a certain extent, subjective
judgment typically involved in such strategies fails to reflect the safety condition of long-
term service equipment. Therefore, using a method that can construct a Weibull distribution
model of the tube system by inference from small sample data is important. Figure 12
shows the diagram of the calculated results of the Weibull distribution model of the final
superheater system of the power station boiler. We can effectively evaluate the current
increase in the risk to tubes of the final superheater system in the future and the time point
of intensive failure and then prioritize the planned maintenance of the high-risk system on
the basis of the risk situation and consequences of failure to avoid unplanned downtime,
thus reducing operating costs of the power plant effectively by predicting the probability
distribution and density of the failure risk to tubes of the final superheater system.
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TP347H Superheater Creep/Fatigue
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Figure 11. Relationship of creep—fatigue life and damage amount of final superheater TP347H
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Figure 12. Diagram of the tube Weibull distribution model for the final-stage superheater system.

Figure 13 presents the failure risk of T91 material in the final superheater system of
the power station boiler and the remaining life prediction results under various damage
modes. Combined with the Weibull distribution model, the current safety condition of
pressurized parts of power station boiler was evaluated and the prediction of the future
safety condition was predicatively investigated and judged after setting an appropriate
threshold to obtain the accumulated failure risk change trend, achieve early warning, avoid
accidents effectively, and ensure the economic and safe operation of power station boilers.
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Figure 13. Material risk and remaining life trend prediction of the final-stage superheater system.
(a) T91 material. (b) TP347H material.

Figure 13a,b illustrates the use of the Weibull distribution model to achieve a more
realistic small sample of inspection data to analyze the risk of the whole system, which was
the same for both materials; at the same time, the engineer applied them in the right place
according to the differences in service conditions when designing the selection of materials
for the heated surfaces (where the main considerations are temperature, pressure, stress).
This is why the overall trend of cumulative damage over time was essentially the same
for the same damage for the different materials in Figures 611, and the analysis of the
available base data showed that the risks for T91 and TP347H were also essentially similar.

4. Conclusions

Multisource heterogeneous data generated from the actual service of power plants
combined with deep learning techniques were used in this study to investigate the direction
of creep, fatigue, and coupled creep—fatigue damage characteristics of key pressure-bearing
component materials of power plant boilers and their remaining life prediction as well
as an early warning of pressure-bearing components. The current increase in the future
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risk to tubes of the final superheater system can be effectively evaluated by predicting
the probability distribution and density results of the failure risk of tubes of the final
superheater system. Combined with the Weibull distribution model, the current safety
condition of pressurized components of the power station boiler can be evaluated and
the future safety condition can be predicted to obtain the trend of the accumulated failure
risk. This paper used deep learning techniques to explore the patterns that existed in the
data when the equipment was in operation, predicting future operating states by learning
patterns from historical data. The predicted state data was combined with models in
mechanics and materials science. Damage during operation of the equipment and risk
conditions were assessed. The combination of data-driven machine learning methods, with
knowledge-driven physical models, extends the application of physical models and also
provides a fundamental exploration of patterns in equipment operation.
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