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ABSTRACT

This dissertation explores techniques for online monitoring of nuclear power plants,
especially pressurized water reactor (PWR) plants, which must have the capabilities to examine
and diagnose the health of instrumentation and component, recalibrate faulty sensor measurements,
and send maintenance request to the control room. Such techniques will enhance the functionality
and reliability of the control and monitoring system and reduce the instrumentation maintenance
labor requirement and cost.
Two data-driven methods are introduced for sensor recalibration. The first method is
recursive adaptive filtering that estimates the plant state parameters from a set of redundant sensor
measurements. It corrects the redundant measurements based on the principle of best linear leastsquares estimation and also detects and isolates anomalous measurements by adjusting their
weights, in real time, based on a sequential log likelihood ratio test of sensor data. The second
method is autoregressive support vector regression that is a virtual sensing technique; it predicts
unknown measurements without the sensor redundancy. A support vector machine is built by
“learning” from historical time series measurements and uses measurements from other sensors
from previous time instants to estimate the current unknown. The feasibility of both approaches is
validated with simulation and experimental data for PWR applications.
From these perspectives, an online monitoring scheme is proposed to expand the
monitoring capabilities for prognosis of sensor and component degradation. A symbolic dynamics
modeling method is used to extract statistical features of time series data at the fast time scale and
detect sensor and component degradation when the measurements have not shown observable
anomalies at a slow time scale. The extracted features have been shown to produce distinguishable
patterns between normal and faulty temperature sensor measurements. This dissertation contains
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detailed descriptions of the proposed algorithms, theoretical evaluations, pertinent results, and an
outlook of how the research will be applied in real plants.
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Chapter 1. Introduction

1.1

Research scope

This dissertation explores using data-driven approaches for online monitoring (OLM) in
nuclear power plants (NPPs). The OLM system presented in this dissertation detects sensor faults,
recalibrates the faulty sensors and identifies anomalies in the plant components and the physical
process. Figure 1-1 shows the structure of such a data-driven OLM system and how it is integrated
into the current NPP control scheme.

Figure 1-1 Data-driven online monitoring application in nuclear power plant control

The sensor monitoring subsystem collects sensor measurements and determines whether
these sensors perform normally and measure the physical process parameters accurately. If not, the
faulty measurements will be recalibrated in real time. The normal and recalibrated measurements
are then sent to the component and process monitoring subsystem which examines the health of
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plant components and sends warning and maintenance request to the control room. This OLM
system works as a digital assistant to the control room personnel.
While only temperature sensors in light water reactor applications are studied as examples
in this research, the proposed data-driven approaches are generic and can be used for other sensors
and other types of nuclear power plants.

1.2

Motivations

This research was initially motivated by a research funding opportunity for developing and
demonstrating “online calibration methodologies for transmitter and instrumentation calibration
interval extensions” (U.S. Department of Energy Fiscal Year 2014 Nuclear Energy Enabling
Technologies 2.2). The main objective is to improve plant operational economy. In the United
States, safety-related sensors in NPPs are usually recalibrated manually at every refueling outage
and this has become a key factor that prevents shortening the outage duration [1]. On the other
hand, shorter outages and longer refueling cycles (i.e., longer calibration intervals) will increase
plant capacity factor and reduce maintenance cost. Hence new recalibration methodologies are
anticipated that can recalibrate sensors with shorter time, preferably in situ when the reactor is
under operation.
The research further extends the functionality of such an online recalibration system to
work under severe transients or accidents, in which certain sensors endure failure and direct
measurement is unavailable. This was motivated by the roles that instrumentation played in two
well-known serve nuclear accidents. In Three Mile Island accident, the pilot-operated relief valve
was open while the indicator light wrongly indicated that it was closed which led to the operators’
wrong judgement and actions and crucial progression of the accident [2]. In Fukushima-Daiichi
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accident, the station blackout and the loss of all the instrumentation and control systems caused the
loss of reactor control and emergency response capabilities [3].
The other subject of this dissertation, fault diagnosis, was motivated by another funding
opportunity for developing and testing “fault-diagnosis algorithms for current and next generation
plant components” (U.S. Department of Energy Fiscal Year 2014 Nuclear Energy Enabling
Technologies 2.3). Fault diagnosis here means detection and identification of deviations from
normal states. It serves for the purpose of accident prevention. Such detection functionality has
been listed by International Atomic Energy Agency (IAEA) as one of the five lines of defense in
depth that must be included in an NPP design [4]. The specific problems to solve in this dissertation
are early stage component fault that does not show noticeable anomalies in the plant monitoring
time series data, and sensor fault.
Sensor fault detection is a relatively new subject compared to various component fault
detection cases. In the 2008 Andersen Air Force Base B-2 accident, moisture entered the skin-flush
air-data sensors and the maintenance technicians did not realize this and didn’t properly calibrated
the sensor. The flight-control computers calculated inaccurate aircraft angle of attack and airspeed
and the control system initialized a wrong maneuver and caused the crash [5]. This is a good
example of a sever accident caused by sensor failure.
Emerging techniques are being used in NPP monitoring and control. The U.S. Department
of Energy (DoE) has recently funded a new consortium to develop a nearly autonomous
management and control system using artificial intelligence techniques [6]. Nuclear power plant is
a considerably large and multiphysical system. The conventional control and monitoring system
design is often based on assumptions and simplifications of modeling and theories, and dealing
with emergency and unforeseen situations is still a challenge. As the exploration of NPP safety is
evolving, the techniques used are also desired to evolve.
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1.3

Significance

The control and monitoring system of NPPs is to ensure reliable power generation and
respond to anomalies and failures. For current commercial reactors, the control systems assume
increasing importance for both operational and safety reasons, including nuclear steam supply
system pressure control, steam generator level control and in-core control (e.g. peak power
densities and fuel temperatures). Readers can gain an intuitive understanding of NPP control on an
online PWR simulator in reference [7]. This simulator requires changing the steam demand and the
control rod position to control the plant conditions and the power output. Table 1-1 lists control and
monitoring actions that are categorized in three safety classes.

Table 1-1 Safety-based categorization of NPP control and monitoring by IAEA [4]

Safety

Safety-related

Not-safety

Reactor trip;
Emergency core cooling;
Decay heat removal;
Containment/confinement isolation;
Containment fission product removal;
Containment heat removal;
Emergency ventilation;
Emergency power supply.
Reactor power control;
Diverse reactor trip;
Pressure and temperature control for normal heat removal systems;
Fire detection;
Radiation monitoring;
Personnel access control;
Display of information for planning emergency response.
Feedwater reheater control;
Demineralizer control;
Intake and discharge screen control.

The control and monitoring systems also has significant impact on NPP economy in two
aspects: 1) instrumentation and maintenance cost and 2) electricity generation performance and
resource utilization. In the former case, enhanced control and monitoring capabilities, such as
applying online monitoring, increase operational efficiency in terms of reducing decision-making
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time and staff demand, shortening calibration intervals and so on. Utilization of digital
instrumentation, wireless sensors and centralized computers also reduces the plant construction cost
and installation time. In the latter case, adequately designed control and monitoring systems
enhance the economic competitiveness in enabling plants to perform as close to the designed
margin, mitigating adverse conditions and unnecessary plant trips and allowing for flexible
operation management strategies.
An OLM system monitors plant condition in-situ in a non-intrusive passive way when the
plant is operating, including start-up, normal steady state and transient operations and shutdown
transient. It has advantages over conventional monitoring: being less expensive, real-time and more
frequent calibration, avoiding safety risks to the maintenance personnel and benefiting from the
current digital instrumentation and control system. Specially it may be used in the new designs of
NPPs. For the small modular reactor design, the existing safety-related sensors will be used but
could be more difficult to access than current generation LWRs [8]. The other advanced reactors
are expected to have longer operating cycles which increases the need of OLM.

1.4

Challenges

While instrumentation technologies and control theories have experienced advanced
development so far, the upgrading at existing nuclear power plants has been slow. The reasons are
explained in the technology and application aspects in Table 1-2.

Table 1-2 Challenges of applying advanced I&C technologies in nuclear industry
Technology-wise
Uncertainty of system upgrades
Lack of field workforce knowledge
Short lifetime compared to NPP

Application-wise
Regulatory concerns
Cost justification and recovery
Quality assessment requirement
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Since the accident at Three Mile Island unit 2 reactor in March 1979, the nuclear power
industry has developed and implemented technologies for monitoring and fault detection of plant
components and instrumentation and thus has increased the plant capacity factor and extended the
operability of these systems beyond their design life [9]. Data-based methods for plant monitoring
and diagnostics have been developed by R&D organizations in the U.S., Europe, South Korea,
Japan, and other countries [9], [10]. These techniques have been developed with the assumption
that the plant will be operated within design-basis conditions and the safety features will remain
functional during design-basis accidents. However, the above concept has drastically changed in
the aftermath of the March 2011 accident at the Fukushima Dai-ichi nuclear power station [11],
which evinces the importance of the preparation for mitigation of severe transients, resulting from
accidents, unanticipated events, and emergency situations.
With such background, the challenges in OLM include: recalibration of dynamic process,
emergent conditions with failing sensors or unavailable measurements, deriving plant information
that is not measured with physical sensors (i.e., virtual sensing), detection of sensor response time
degradation, constraining the uncertainties of sensor recalibration and degradation detection,
verification and validation, economy optimization and so on.
This dissertation addresses conventional sensor recalibration problems and the two
opposite extremes on the OLM challenge spectrum: early fault detection and sensor recalibration
with limited sensing information.

1.5

Contributions

The major contributions of the dissertation are summarized and discussed as follows.
1) An online monitoring system blueprint is outlined for traditional and advanced nuclear
power plants. It identifies such problems happening to the control and monitoring system in serve
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accidents as sensor in-situ degradation and failure and component fault progression. Such a system
is different from conventional monitoring and control practice in that it has the function of sensor
self-diagnosis and recalibration.
2) The dissertation identified real anomaly from time series data of a simulated temperature
sensor degradation experiment and used such data to validate the redundant sensor calibration and
fault detection algorithm. This improves previous research which applied the algorithm on
manmade faulty time series data (normal measurement plus additive gradual drift). It brings
attention to the topic of sensor drift in transient conditions caused by sensor response time change.
This type of sensor drift has not been addressed in sensor recalibration practice.
3) The autoregressive support vector regression method is used for coolant temperature
estimation for the first time. It is compared with conventional linear regression and basic support
vector regression approaches and validated with simulation data and experimental measurement.
4) Symbolic dynamics modeling is introduced for fault diagnosis in NPP applications.
Theoretical demonstration, various trials and results have provided examples for other researchers
in this area to explore its further applications.

1.6

Synopsis

Chapter 1 introduces research scope, background knowledge, motivations and
contributions; Chapter 2 covers the fundamentals and the degradation of resistance temperature
detector (RTD), on which the major examples of demonstration in this dissertation are based;
Chapter 3 describes an adaptive filter and applies it to the measurements of four redundant RTDs
containing one degraded sensor; Chapter 4 develops a support vector machine based estimator for
faulty temperature sensors and validate it with simulation and experiment data; Chapter 5
introduces the data-driven sensor and component fault detection scheme and the symbolic
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dynamics modeling approach, with results on thermocouple fault detection; Chapter 6 is a summary
of the research results and proposes the future work followed by the references.
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Chapter 2. Sensor Degradation
This introductive chapter covers knowledge on resistance temperature detector (RTD) and
its degradation, which will be used in the following chapters to demonstrate data-driven
methodologies.
There are about 150 pertinent sensors in a typical PWR plant [12]. Accurate and responsive
sensor measurements not only guarantee effective monitoring, but also influence the most
important processes in a nuclear power plant. Reactor power control and cooling system pressure
and temperature control all rely on sensor-based feedback control strategy. Radiation sensors
monitor radiation levels at various locations to avoid potential dangers that the plant imposes to the
plant personnel and the surroundings. In accidental scenarios to understand what happens inside
the reactor, additional sensors are needed to monitor the conditions at specific locations that normal
plant sensors cannot reach. For example, in the Fukushima Daiichi nuclear disaster, the loss of
power supply made the active sensors unusable and the situation inside became unpredictable. This
added to the difficulty of the rescue efforts. After the accident, specially designed robots carrying
CCD cameras, laser range sensors and dosimeters were deployed into the reactor buildings [13].
These sensors had to work in the harsh environment.
RTD is one of the most significant sensors for nuclear power plant operation. RTDs are
installed at various locations of NPPs to measure critical process temperatures, such as primary
coolant temperature and feedwater temperature. Generally speaking, RTDs have higher accuracy
than the more common thermocouples. In a PWR plant, RTD measurements are used for primary
coolant average temperature control. The remainder of the dissertation will mostly focus on the
online fault detection and recalibration of RTDs.
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2.1

RTD fundamentals

The sensing elements of RTDs are usually made of platinum, nickel, copper or other metals
or alloys, of which the electrical resistance is a function of temperature. The sensing element is
protected by insulating material and the sheath. Figure 2-1 shows the structure of a typical RTD
[12].

Figure 2-1 Rosemount 176 RTD [12]

The relation between the temperature and the electrical resistance is called calibration. A
commonly used polynomial for calibration (for T > 0 °C) is the Callendar equation
𝑇

𝑇

𝑅(𝑇) = 𝑅0 [1 + 𝛼 (𝑇 − 𝛿 100 °𝐶 100 °𝐶 )],
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where the temperature coefficient α = 0.003850-0.003925 Ω/Ω/°C (0.003850 for regular grade,
0.03902 for premium), δ ≅ 1.5 °C and R0 is the resistance at ice point and the typical value is
200.1768 Ω.
Besides calibration, the dynamical response capability of RTDs is described by response
time. The most common definition of response time is the time constant: time required for RTD
output to reach 63.2% of its final value following a step change (assuming a 1st order system).
RTD response time depends on temperature and fluid velocity [8]. For example, the response time
with 1 m/s flow water is 0.5–5 seconds for RTDs directly immersed in the fluid [14].
Both calibration and response time influence RTD accuracy, i.e., the maximum difference
between actual temperature and the indication [14]. The way that response time affects accuracy
will be shown later in this chapter. Normal RTD accuracy is 0.3 °C for 0–300 °C measurement.
RTD precision (also called repeatability), on the other hand, is the maximum difference throughout
RTD operating range or at a given temperature between results of repeated calibration of the same
RTD using the same equipment and procedure [14].

2.2

Degradation mechanism

The main contents of this section are cited from the report [14] unless specially referenced.
That US Nuclear Regulatory Commission (NRC) report covers the basic knowledge of RTD sensor
and presents a comprehensive research on nuclear grade RTD degradation.
RTD degradation refers to gradual changes in calibration or response time. Change in
accuracy is often called shift or drift. If degradation causes the sensor accuracy to exceed certain
limit, the sensor fails. Failure is usually caused by sever changes in sensor physical properties or
sensing capabilities. For an RTD, a typical failure happens when the sensing element or any of its
extension leads have opened or shorted to sheath or calibration exceeds 5 °C [14].
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Normal degradation of RTDs happens both in the storage environment and under plant
operation conditions. The degradation over time is called aging. Under normal operation conditions,
the major causes are heat, humidity, vibration, temperature cycling, mechanical shock and radiation
which are the normal environment of a nuclear power plant [14]. These factors affect the physical
properties of sensor components and generates measurement faults. Table 2-1 shows a list of major
RTD faults and causes.

Table 2-1 RTD faults and effects [14]
Major Factors

Mechanisms

Effects

Sensing
elements

The electrical resistance increases as tension stress
increases and decreases as compression stress increases;
Change of
The metal ions from sheath contaminates the sensing
calibration.
elements;
Metallurgical changes over time.

Insulation
material

Moisture and heat cause crack.

Change of
calibration and
response time

N/A

No direct effect

Wires and seal

Sensor failures can be categorized aging-related, random or transient condition or human
error induced. Aging induced failures develop over time and are difficult to be distinguished with
random failures. According to the study of NRC nuclear plant aging research (NPAR) of 315 RTD
failures from 1974 to 1988, 53% are caused by RTD component faults, 40% are caused by aging
and 7% are caused by personnel error [15]. A later aging test was performed simulating RTD aging
under the normal condition. It contained 18-month thermal aging, 2-month vibration aging, 3-day
high temperature testing and 2-week thermal cycling. Two failures and six calibration shifts (0.6 to
3 °C) out of 30 RTDs happened during thermal aging. Vibration, humidity and thermal cycling
each caused one failure but no more calibration drifting. The synergistic degradation mechanism
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of various stressors on the sensors are difficult to understand and extensive testing time will be
needed to induce such phenomenon to happen.
Aging-related failure is not rare in nuclear power plants compared with random failure. In
NRS's 1984-1988 Licensee Event Report, 199 out of 424 sensor failures were caused by aging and
9% of 199 were temperature sensors [15]. According to the data during 1985-1988, the maximum
occurrence rate happened in the first two years of plant operational age and low occurrence rate
sustained afterwards. NPAR reports that 315 RTD failures happened between 1974 and 1988 [14].
About 40% of the failures were caused by aging.

2.3

Conventional calibration

Johnson noise method calibrates temperature measurements with electric noise (several
nanovolts in amplitude) which is caused by the thermal excitation on the conduction electrons of
any conductors in the sensors [14]. The noise voltage does not depend on the properties of the
conductor and the sensor material composition. This is not applicable to remote monitoring since
the electric noises from the hundreds of feet of wires can override the characteristic noise.
Cross calibration is to use redundant sensors to measure a single variable. The following
Chapter 3 introduces an improved method for redundant sensor measurement estimation.
Analytical measurements [16] or real-time process model can also be treated as analytical
redundancy, opposed to hardware redundancy. Another approach of analytical redundancy is to
utilize statistical correlations, often called statistical learning or machine learning. It can also be
used for detecting malfunctioning components and abnormal operations. Chapter 4 uses a machine
learning based approach for sensor measurement estimation.
Sensor response time is checked with lab response time test, loop current step response
(LCSR), approved by NRC [17]. A current of 40–80 mA is applied to the RTD to heat itself to 5–
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10 °C higher than the fluid temperature [14]. Then the response time 𝜏𝐿𝐶𝑆𝑅 can be calculated if the
measured temperature has a step response.

2.4

Online recalibration

Sensor recalibration, or sensor online/in-situ testing, refers to remote testing of installed
sensors while the plant is in operation. Safety Evaluation Report and Advisory Committee on
Reactor Safeguards reviews place 14 requirements for sensor calibration which OLM must address
[18]. Three of them are directly related to this dissertation:
1. Impact on plant safety of deficiencies inherent in the online monitoring technique will
be insignificant and all uncertainties associated with the process parameter estimate must be
bounded quantitatively.
3. The algorithm shall be able to distinguish between the process variable drift and sensor
drift and shall be able to compensate for uncertainties introduced by unstable process, sensor
locations, non-stimulus measurements and noisy signals.
6. The parameter estimation and maximum acceptable value of deviation should be able to
locate the true sensor measurement at 95% or higher confidence level.
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Chapter 3. Adaptive Filter for Sensor Recalibration

3.1

Introduction

This chapter presents the recalibration of redundant sensors and the estimation of process
variables. As described at the end of Chapter 2, this is a path to the online sensor recalibration. It
applies to situations where redundant sensors are installed to generate spatially averaged estimates
of critical process variables. An example is the primary loop coolant average temperature
measurement in PWRs where typically four narrow range RTDs and one wide range RTD are
installed inside each coolant pipe, close to the reactor outlet. The overall coolant average
temperature Tav is used as feedback input for the reactor safety control system.
The aging of individual sensors in a redundant sensor set may cause sensor signal
deviations from each other. These differences can be indications of possible calibration change or
response time degradation. In some other cases, sensor degradation exhibits common modes due to
harsh operation environment and poor sensor quality. The former causes the measurements to
deviate from each other. The latter, on the opposite, should not cause obvious deviations within the
sensor set, and is often called common mode failure. The approaches introduced in this chapter
deals with random sensor degradation and will not be feasible for common mode degradation or
failures.

3.2

Recursive signal calibration

The recursive calibration algorithm described in this section and the sensor degradation
monitoring concept in section 3.3 are cited from [19], in which Ray and Phoha used these
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methodologies to calibrate and estimate the throttle steam temperature collected from an operating
fossil power plant and the results were very convincing.
The objective is to estimate the state vector at the current time instant based upon all past
measurements, i.e., to build a filter [20]. More specifically this filter will generate an unbiased
estimate [20], whose expected value is equal to the quantity being estimated. Building the filter
starts with the measurement model
mk = (𝐻 + Δ𝐻)𝑥𝑘 + 𝑏𝑘 + 𝑒𝑘 ,

( 3-1 )

where mk is the (𝑙 × 1) redundant measurement vector, H is the (𝑙 × n) scale factor matrix with
rank n, with 𝑙 > 𝑛 ≥ 1, ΔHk is the (𝑙 × n) matrix of scale factor errors, xk is the (𝑛 × 1) vector of
true value of the measured variable, bk is the (𝑙 × 1) vector of bias errors and ek is the (𝑙 × 1)
vector of measurement noise such that E[𝑒𝑘 𝑒𝑙𝑇 ] = 0 and E[𝑒𝑘 𝑒𝑙𝑇 ] = 𝑅𝑘 𝛿𝑘𝑙 .
Combining the bias and scale factor errors to be correction ck, ( 3-1 ) is rewritten as
𝑚𝑘 = 𝐻𝑥𝑘 + 𝑐𝑘 + 𝑒𝑘 ,

( 3-2 )

where the correction 𝑐𝑘 is defined to be Δ𝐻𝑥𝑘 + 𝑏𝑘 .
To obtain an unbiased predictor estimate 𝑐̂𝑘 , a recursive model of 𝑐𝑘 is developed
resembling the random walk process:
𝑐𝑘+1 = 𝑐𝑘 + 𝑣𝑘 ,

( 3-3 )

where 𝑣𝑘 is a stationary noise satisfying 𝐸[𝑣𝑘 ] = 0, 𝐸[𝑣𝑘 𝑣𝑗 ] = 𝑄𝛿𝑘𝑗 and 𝐸[𝑣𝑘 𝑒𝑗 ] = 0, ∀𝑘, 𝑗.
The filter is constructed in the following way to calibrate each measurement. The filter
input is the parity vector pk of the uncalibrated measurement vector mk, defined in [21], [22] as
𝑝𝑘 = 𝑉𝑚𝑘 ,

( 3-4 )

where the row of the projection matrix 𝑉 ∈ 𝑅 (𝑙−𝑛)×𝑙 form an orthonormal basis of the left null
space of the measurement matrix 𝐻 ∈ 𝑅 𝑙×𝑛 in ( 3-1 ), i.e.,
𝑉𝐻 = 0(𝑙−𝑛)×𝑛 ,

( 3-5 )
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𝑉𝑉 𝑇 = 𝐼(𝑙−𝑛)×(𝑙−𝑛)

( 3-6 )

and the columns of V span the parity space that contains the parity vector [19].
Combine the above,
𝑝𝑘 = 𝑉𝑐𝑘 + 𝜀𝑘 ,

( 3-7 )

where the noise 𝜀𝑘 is defined as 𝑉𝑒𝑘 with 𝐸[𝜀𝑘 ] = 0 and 𝐸[𝜀𝑘 𝜀𝑗𝑇 ] ≡ 𝑉𝑅𝑘 𝑉 𝑇 𝛿𝑘𝑗 .
Based on linear least square estimation and optimal minimum-variance filtering [20], [23],
a recursive algorithm is developed to predict the estimated correction 𝑐̂𝑘 :
𝑐̂𝑘+1 = 𝑐̂𝑘 + 𝐾𝑘 𝛾𝑘

( 3-8 )

𝑃𝑘+1 = (𝐼 − 𝐾𝑘 𝑉)𝑃𝑘 + 𝑄

( 3-9 )

given 𝑐̂0 ,

given 𝑃0 and 𝑄,
𝐾𝑘 = 𝑃𝑘 𝑉 𝑇 (𝑉[𝑅𝑘 + 𝑃𝑘 ]𝑉 𝑇 )−1

( 3-10 )

γk = 𝑝𝑘 − 𝑉𝑐̂𝑘

( 3-11 )

given 𝑅𝑘 and

is the innovation.
Then the calibrated measurement 𝑦𝑘 , for zero bias error, can be obtained
𝑦𝑘 = 𝑚𝑘 − 𝑐̂𝑘 .

( 3-12 )

With ( 3-4 ) and ( 3-12 ), the innovation 𝛾𝑘 is actually the projection of the calibrated
measurement 𝑦𝑘 onto the parity space, i.e.,
𝛾𝑘 = 𝑉𝑦𝑘 .

( 3-13 )

Denote 𝛤𝑘 ≡ 𝐾𝑘 𝑉 and the recursive relation becomes
𝑐̂𝑘+1 = 𝑐̂𝑘 + Γ𝑘 𝑦𝑘 ,

( 3-14 )

𝑃𝑘+1 = (𝐼 − Γ𝑘 )𝑃𝑘 + 𝑄,

( 3-15 )

Γ𝑘 = 𝑃𝑘 𝑉 𝑇 (𝑉[𝑅𝑘 + 𝑃𝑘 ]𝑉 𝑇 )−1 𝑉.

( 3-16 )
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Then an unbiased weighted least-squares estimate 𝑥̂𝑘 of the measured variable 𝑥𝑘 can be
obtained as
−1

𝑥̂𝑘 = (𝐻 𝑇 𝑅𝑘−1 𝐻) H T 𝑅𝑘−1 𝑦𝑘 .

( 3-17 )

From here, it can be observed the measurement covariance matrix 𝑅𝑥 serves as a weighting
matrix.

3.3

Degradation monitoring

Using the above derived filter, the residual of the calibrated measurement is
𝜂𝑘 = 𝑦𝑘 − 𝐻𝑥̂𝑘 .

( 3-18 )

A sequential test of the time series of the residuals is constructed following trinary
hypotheses:
H 0 : normal behavior with a priori conditional probability density function 𝑗 𝑓 0 (⋅) ≡
𝑗 𝑓 (⋅ |𝐻

0

),

H1 : positive failure with a priori conditional probability density function 𝑗𝑓 1 (⋅) ≡
𝑗 𝑓 (⋅ |𝐻

1 ),

H 2 : negative failure with a priori conditional probability density function 𝑗𝑓 2 (⋅) ≡
𝑗 𝑓 (⋅ |𝐻

2

),

where 𝑗 refers to the jth measurement for 𝑗 = 1,2, …, the number of sensors and 0, 1, 2 indicates
the sensor condition. The a priori probability density function is predetermined based on
experimental data or manufacturer specifications. Here Gaussian distributions are chosen as
follows
𝑗𝑓

0

(𝜑) ≡

1
1 𝜑 2
𝑒𝑥𝑝
(−
( ) ),
2 𝜎
√2𝜋𝜎

( 3-19 )
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𝑗𝑓

1

(𝜑) ≡

1
1 𝜑−𝜃 2
𝑒𝑥𝑝 (− 2 ( 𝜎 ) ),
2𝜋𝜎
√

( 3-20 )

𝑗𝑓

2

(𝜑) ≡

1
1 𝜑+𝜃 2
𝑒𝑥𝑝
(−
( 𝜎 ) ),
2
√2𝜋𝜎

( 3-21 )

where φ is elements of η, θ is the sensor error threshold and σ is standard deviation of the
sensors.
Sequential analysis of the calibrated sensor data is then performed by calculating log
likelihood ratios to evaluate the performance of each sensor. This provides inputs for the final
sensor measurement estimation. The following sequential test and the adaptive estimation in section
3.3 refer to Ray’s publication [24].
The log likelihood ratio of a two-level hypothesis is defined as
𝜙𝑗 = 𝑙𝑛

𝑃[𝑚𝑗 (𝑡)|𝐻1 ]

,

( 3-22 )

𝑃[𝑚𝑗 (𝑡)|𝐻0 ]

where 𝑚𝑗 (𝑡) is the jth measurement at time instant t.
For k consecutive conditionally independent measurements, the log likelihood ratio
becomes
Φj (𝑘) = 𝑙𝑛

𝑃[𝑚𝑗 (1), 𝑚𝑗 (2), 𝑚𝑗 (3), … , 𝑚𝑗 (𝑘)|𝐻1]

( 3-23 )

𝑃[𝑚𝑗 (1), 𝑚𝑗 (2), 𝑚𝑗 (3), … , 𝑚𝑗 (𝑘)|𝐻0 ]
= Φj (𝑘 − 1) + 𝜙𝑗 (𝑘).

For Gaussian distributions, it becomes
𝜃𝑗

Φj (𝑘) = Φj (𝑘 − 1) − 𝜃𝑗 ( − 𝑚𝑗 (𝑘)).

( 3-24 )

2

Φj (𝑘) is used to evaluate how far the sensor is from failures. A relation for the noise
covariance matrix 𝑅𝑥 is formulated as below. The initial value R0 is determined as a priori from
experimental data or manufacture specifications.
𝑅𝑘 = √𝑅𝑘𝑟𝑒𝑙 𝑅0 √𝑅𝑘𝑟𝑒𝑙 with 𝑅0𝑟𝑒𝑙 = 𝐼.

( 3-25 )
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𝑟𝑒𝑙
𝑟𝑒𝑙
𝑅𝑘+1
= 𝑑𝑖𝑎𝑔[ 𝑗𝑟𝑘𝑟𝑒𝑙 ] and 𝑗𝑟𝑘+1
= ℎ (𝛷𝑗 (𝑘)) where r is the relative variance factor, 𝛷 is

the generalized likelihood limit ratio (gllr), h: (–∞,+∞) → [1,+∞) is a continuous function
bounded by h(0) = 1 and ℎ → +∞, as 𝛷 → ±∞. The rationale here is that the credibility of the
sensor should decrease as the gllr of the sequential test increases.
Here I skip the analytical form of rrel as a function of gllr but discuss directly the relative
−1

weight wrel = 1/rrel. They are the diagonal elements of the weighting matrix 𝑊𝑘𝑟𝑒𝑙 ≡ (𝑅𝑘𝑟𝑒𝑙 )

such

that
−1

𝑊𝑘 = √𝑊𝑘𝑟𝑒𝑙 𝑊0 √𝑊𝑘𝑟𝑒𝑙 with 𝑊0𝑟𝑒𝑙 = (𝑅0𝑟𝑒𝑙 )

= 𝐼.

( 3-26 )

The relative weight function 𝑗w rel takes the structure of a piecewise linear function as
shown in Figure 3-1. It is bounded within [wmax, wmin]. wmax = 1 and wmin is chosen to be slightly
larger than 0 so that the degraded sensor can be restored following its recovery. Numerical values
of the filter and other configurations are presented in the next section.
gllrmin and gllrmax are determined by
𝑔𝑙𝑙𝑟𝑚𝑖𝑛 = 𝑙𝑛 (

𝑝
),
1−𝑝

1−𝛼
𝛼
𝑔𝑙𝑙𝑟𝑚𝑎𝑥 = 𝑙𝑛 (
) = − 𝑙𝑛 (
),
𝛼
1−𝛼

( 3-27 )

( 3-28 )

where intra sampling failure probability p is calculated based on nominal RTD life time, i.e., 𝑝 =
sampling time/RTD life time. α is the allowable false alarm probability.
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Figure 3-1 The relative weight in function of gllr

3.4

Adaptive temperature estimation

The above described signal calibration and variable estimation algorithms have been
applied on a set of four redundant RTD measurements. The experiment simulates the scenario
where RTD response time increases while its calibration is accurate. This situation is usually caused
by sensing element degradation, mineral deposition on the outside of RTD sheath and other
mechanisms. In the designed scenario, the degraded RTD does not show measurement anomaly at
steady state, compared to the other three healthy RTDs measuring the same liquid temperature.
However, the response time increase causes considerable measurement inaccuracy during process
transient. Such phenomenon was studied via the experiments below and the results were used to
test the adaptive filter from the previous section for redundant sensor recalibration.
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3.4.1

Materials and equipment
The RTDs used in this experiment are two identical 4-wire PT100 models, from OMEGA’s

ultra precise immersion RTD sensor line for industrial applications. The sensing element is
platinum and has electrical resistance of 100 Ω at 0 °C and temperature coefficient of 0.00385
Ω/Ω/°C. The RTDs have the accuracy of ±1/10 (0.3 + 0.005|t|) °C from 0 to 100 °C and is designed
with closed end so that it can be immersed in the liquid. The cables on the RTD are PVC (polyvinyl
chloride) insulated and shielded.
The main instruments are listed in Table 3-1 and the RTD specifications are listed in Table
3-2. The RTD dimensions are shown in Figure 3-2 and the system was set up as shown in Figure
3-3. A picture of the instruments is present in Figure 3-4. The conditioner provides RTD with input
of 0–5 V, 0–20 mA and the output was set to 0–5 V voltage. The RTD output voltage measurements
were sampled at 10 Hz and collected by the oscilloscope.

Table 3-1 Instruments used for temperature measurement
Instrument
RTD
Input signal
conditioner
DC Power
supply
Oscilloscope

Model
P-M
series
DRSLRTD-ISO
PS-15
TDS2002B

Manufacturer

Properties

OMEGA
OMEGA

Response time < 30 ms
(0 to 90%, 100 to 10%)

National
Instruments
Tektronix

24–28 V, 5 A

Table 3-2 OMEGA P-M RTD specifications [25]
Dimensions
Effect of Sensor Cable Resistance
(3 or 4-wire RTD)
Current Output
Output
Supply Voltage
Response time

1/8" diameter sheath, 6" long with 4-Wire 3' long
PVC cables with stripped leads
<0.002 Ω/Ω
Programmable signal ranges: 0 to 20 mA and 4 to
20 mA
Configured to 0–5 V
16.8 to 31.2 Vdc
N/A
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Figure 3-2 Dimensions of the OMEGA P-M RTD [26]

Figure 3-3 Block diagram of the temperature measuring system
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Figure 3-4 Major equipment used in the experiment

Two RTD sensors were specifically configured to generate 4 sets of time series data. The
sheath of RTD #1 was covered with two layers of paper tape to simulate increased RTD insulation
thermal resistance. This resembles in reality that RTD has mineral layer deposited outside the
sheath. The RTDs are connected in either 4-wire or 2-wire configuration. 4-wire connection totally
compensates electrical resistance of the RTD wires when measuring the RTD sensing element
resistance and should generate the most accurate measurement. 2-wire configuration cannot
compensate the wire resistance and the measurement contains systematic offset of the wire
resistance. The RTD wire in this experiment is 3 ft (91 cm) long. The two RTDs were configured
in such a way as shown in Table 3-3 that four time series measurements could be generated.

Table 3-3 RTD configurations
RTD measurement
1
2
3
4

RTD sensor
#1
#1
#1
#2

Configuration
4-wire
4-wire, taped
2-wire
2-wire

Simulated scenario
Normal RTD
Degraded RTD
With minor error
With minor error
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The two cups containing water and ice water in Figure 3-4 serve as the constant temperature
heat sources, at room temperature 20 °C and 0 °C respectively.

3.4.2

Sensor degradation experiment
This is a simulated experiment in which lab grade instruments were used to simulate the

RTD degradation in a PWR plant. The temperature measuring system described in the previous
section houses one RTD at a time and the four designed RTD experiments were done individually.
For each the following procedures were carried out.
1) Connect RTD sensor to the conditioner;
2) Put the RTD in the 0 °C (ice water) cup and make sure its tip is fully immersed;
3) Adjust the time and the voltage divisions on the oscilloscope so that it can display data
series of 250 seconds;
4) Observe from the oscilloscope that the RTD voltage output reaches steady reading and
leave it for several seconds;
5) Quickly pull out the RTD and immerse it into the 20 °C (room temperature) water cup;
6) Keep the RTD immersed until the voltage reading reaches steady state;
7) Record the oscilloscope display and the readings from OpenChoice Desktop (v2.6)
software [27] installed on the computer connected to the oscilloscope;
8) Uninstall the RTD and repeat the steps for a new RTD or a new configuration as
designed in Table 3-3.
The measurements came in voltage of 0–5 V and were then calibrated to temperature by a
linear relationship between the temperature and the voltage, i.e., temperature = k × voltage + b.
The relationship was determined by two points: the average voltage outputs at 0 °C and 20 °C.
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Each of the four RTD configurations was calibrated individually. Table 3-4 presents their
calibration data obtained through brief calculations of the original measurements.

Table 3-4 RTD calibration data
RTD measurement
1
2
3
4

V0 °C
0.19 V
0.36 V
0.67 V
0.55 V

V20 °C
2.27 V
2.23 V
2.59 V
2.33 V

k (°C/V)
9.62
10.67
10.44
11.20

b (°C)
-1.83
-3.79
-7.00
-6.11

At this stage, the measurements all featured step responses of temperature increasing from
0 °C to 20 °C. The four time series were then shifted and trimmed so that the step responses all
started from the 5 s till 65 s. Finally all the temperature measurements were smoothed using the
moving average method [28] with span 5 to reduce random noise. This is the end of data preprocessing.

3.4.3

Filter parameters
The construction of the filter has been presented in section 3.2 and was coded in MATLAB

as it is described. For the sequential test in section 3.3, the parameters have been specified in Table
3-5. The intra sampling failure probability p is identical for all four RTDs and is estimated to be
sampling time/RTD life time. Operation experience suggests the mean life of an RTD installed in
a power plant is about two years [19]. The sampling time of this experiment is 65 seconds so p =
65 s / 2 yr ≅ 10–6. The allowable false alarm probability α is chosen to be equal to p according to
the plant operating personnel experience [19]. The gllr limits are then calculated with p and α. The
sequential test threshold is chosen to be 2.8 times the sensor standard deviation (σi, i = 1,2,3,4) so
that the max threshold of the four RTDs, is 2.8 × σ2 ≅ 0.3 °C, which is the expected RTD calibration
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allowable error in PWR plants [12]. σi is estimated from the experimental data with sample standard
deviations of each RTD measurement at 0 °C and 20 °C and their interpolations for each
temperature value. The minimum relative weight wmin is chosen to be slightly larger than zero so
that upon recovery, the degraded sensor can smoothly retain its influence in the temperature
estimation. The sequential test is initialized as normal behavior with gllr being gllr min.

Table 3-5 Sequential test and adaptive filter parameters
10–6
10–6
ln(p/(1-p)) = –6
–ln(α/(1–α )) = 6
2.8 × sensor standard deviation
0.001
1
–6
σ1 = 0.0876
σ2 = 0.1083
Sensor precision at 20 °C (°C)
σ3 = 0.0951
σ4 = 0.0731

Intra-sampling probability p
False alarm probability α
Minimum gllr
Maximum gllr
Sequential test threshold
Minimum limit of relative weights
Maximum limit of relative weights
Initialization of sequential gllr

3.4.4

Results and discussion
The recursive filter was applied in the simulated temperature transient scenario where the

multiple redundant temperature sensors present different measurements at each transient instant.
The filter calibrates each measurement for the minimum variance and adjusts the weights of each
calibrated measurement for the best estimate of the measured temperature.
All the RTD measurements are shown with 99% uncertainty intervals (triple standard
deviation) in Figure 3-5. The uncertainty intervals (the gray areas) are very small compared to the
measurements and almost invisible. It can be observed that the two-wire-connected RTDs
(measurements 3 and 4) have slightly higher uncertainties as compared with the four-wireconnected RTD (measurement 1). The taped RTD (measurement 2) however shows much longer
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transient time and larger overshooting at the beginning of transient (at 5 s). Table 3-6 calculates the
response times (from 10% to 90%) of all four sensors and shows that the response time of
measurement 2 is more than three times of that of a normal RTD (e.g., measurement 1). It indicates
that the tape outside the sheath increase the RTD response time considerably.

Figure 3-5 Original RTD measurements (the uncertainty intervals are very small in the plots)

29
Table 3-6 Response times (10% to 90%) for 0–20 °C response
RTD measurement
Response time (s)

1
5.90

2
21.55

3
6.90

4
9.05

Figure 3-6 compares the four original measurements and their estimate (the average).
Without calibration, the estimate lies between the normal (measurements 1, 3 and 4) and the
degraded measurements. Treating measurement 1 as the real temperature response, the uncalibrated
estimate is less accurate than measurements 3 and 4. It has an equivalent response time of 12.17
seconds, which is still much larger than measurements 1, 3 and 4.

Figure 3-6 Uncalibrated measurements and the estimate

The measurement residuals (i.e., measurements minus average) are shown in Figure 3-7(1).
It can be observed that all the measurements present considerably large residuals during transient
from 5 s to 52 s and measurement 2 has the largest residual of 6 °C at 8 s, about twice of that of
measurement 1. Measurement 3 and 4 have smaller residuals than measurement 1. This actually is
not desired in that measurement 1 has the four-wire configuration and should be the most accurate
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and measurement 2 and 3 should come in larger bias errors due to their two-wire configuration, as
explained in section 3.4.1. It proves that the uncalibrated estimate cannot handle bias errors
effectively.
The filter first compensates all the RTD measurements for bias errors calculated by the
recursive best linear least square estimation algorithm. Figure 3-7(2) presents the corrections (i.e.,
estimated bias errors) for each measurement. It can be seen that the corrections for measurement 1,
3 and 4 are negligible through the transient while the correction for measurement 2 is very
significant, which compensate for about half of the residual.

Figure 3-7 Uncalibrated residuals and corrections by the filter

At this stage, the bias error of measurement 2 has been reduced. However, the residual is
still as high as the uncalibrated and the maximum residual instant has been shifted from 8 s to 5 s,
as seen in Figure 3-8(1). The reason is that as measurement 2 is corrected, the average (of the four
measurements) will also be updated and should be closer to measurements 1, 3 and 4. This is still

31
a positive result as the large residual indicates good separation of measurement 2 and the other
measurements.
The filter further adjusts the relative weights based on the sequential likelihood ratio test
at each time instant. It assigns small relative weights to sensors with large residuals. Figure 3-8(2)
shows that the relative weight of measurement 2 is reduced to the minimum value during the most
of the transients (5–42 s). It is noticed that the weights of measurement 1, 3 and 4 are also reduced
to minimum value at some instants. This is acceptable because the threshold of positive and
negative failures in the a priori probability density functions is relatively small, which I set to be
0.3 °C as discussed in sections 3.3 and 3.4.3.

Figure 3-8 Calibrated residuals and the weights for estimation

After the calibration, the normal measurements cluster closer and more separately from the
degraded measurement. The calibrated measurements 1, 3 and 4 become overlapped and the
calibrated measurement 2 is relatively far from them and still has increased response time as shown
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in Figure 3-9(1). The deviation of measurement 2 (from 1, 3, and 4) however has been reduced. By
the sequential test and the weight adjustment, the filter detects the faulty measurement(s) and
minimizes the effect of the degraded sensor on temperature estimation. The resulted estimate is
nearly equal to the average of the calibrated measurements of 1, 3 and 4. Figure 3-9(2) compares
the calibrated and the uncalibrated estimates. The estimate errors are mainly in the range of 8 s to
30 s and the maximum reaches around 5 °C.

Figure 3-9 Comparison of uncalibrated and calibrated estimates

3.5

Summary

This chapter introduces an adaptive filter for redundant measurement calibration and
estimation and validates it on a set of four redundant RTD measurements. An RTD with taped
sheath has been tested to simulate a degraded RTD and anomaly in the data was observed. The
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degraded RTD sensor was found to have much longer response time (10% to 90% definition) under
the same transient condition and caused large calibration errors during the transient. This is a major
contribution to RTD degradation measurement research compared with previous work that used
additive drifts in the time series data.
The adaptive filter calibrates the degraded sensor in real time by correcting bias errors and
estimates the temperature by reducing the weights of the faulty measurements. The calibration is
based on measurement residuals and the estimation uses the results of a sequential log likelihood
ratio test. This not only improves measurement accuracy but also detects sensor faults in real time.
The results show that the influence of the degraded RTD has been largely reduced by the filter
during the transient. The contribution of this algorithm is that it introduces such a data-driven
approach to solve NPP online monitoring problems and does not require accurate models of the
physical process.

34

Chapter 4. Machine Learning for Sensor Recalibration
Calibration verification and response time measurements are performed periodically to
guarantee accurate and prompt measurement within specified uncertainty level [29]. This chapter
outlines the recalibration of RTD temperature sensors without hardware redundancy.

4.1

Introduction

In PWR plants, multiple temperature sensors are deployed at the cold and hot leg pipes to
measure the coolant temperature to support the safety control, the main objective of which is to
bind the primary loop coolant average temperature (Tav) within an interval or at certain setpoints
[30]. Tav is estimated by the average of the coolant temperature at the reactor vessel inlets (Tin) and
outlets (Tout).
Current practice uses cross calibration technique to estimate Tin and Tout [12], [34]. An
outlier can be identified if its reading exceeds the measurement average by certain threshold. The
outlier measurement is omitted and then recalibrated during maintenance or by online recalibration
approaches like the one introduced in Chapter 3. One limitation of the OLM techniques dependent
on redundant sensors is that they cannot deal with sensor common mode degradation or failure.
Sometimes excessive hardware redundancy can be prohibitive due to the sensor installment and
responding life-cycle cost [36]. Solutions are needed for sensor recalibration without redundancy
and this is one of the motivations of the work in this chapter.
In practice, Tout may not be measured as accurately as Tin for two reasons: some plants use
thermocouples to measure the outlet temperature, which can endure higher temperature than RTD
but have an accuracy of >1.0 °C [32]; temperature sensors are not compensated for the temperature
streaming effect at hot legs. It is a phenomenon due to the incomplete mixing of coolant streams
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from different subchannels of the reactor core, which can cause temperature difference of 15 °C as
demonstrated with experiments [32] and simulations [33]. Certain plants use extra sensors at the
hot legs to mitigate the temperature streaming effects [31]. This study, on the other hand, pursues
a more general solution and assumes the outlet coolant temperature measurement is not available
due to either the above reasons or sensor failures.
For online sensor recalibration, four types of model structures are typically used as below.
The main references of each model described above can be found in the Pacific Northwest National
Laboratory report [37].
1) Multivariate State Estimation Technique (MSET) uses a suite of highly correlated
signals to obtain an estimate of unknown signal;
2) Statistical learning methods (e.g., Neural Networks, Kernel Machines, etc.) first explore
the correlation between variables by learning from data, and estimate the unknown signal using
MSET;
3) Analytical redundancy is based on the first principles between different measured
variables. Compared with hardware redundancy, it is more economical but is endowed with more
uncertainties;
4) Regression model is essentially a curve fit of the sensor output versus parameter input,
requiring online or offline optimization.
This work uses MSET, statistical learning, and regression models and focuses on
estimating Tav with other measurements and variables of control rod reactivity, inlet coolant
temperature and reactor thermal power as shown in Figure 4-1. The following sections will describe
the method of autoregressive support vector regression, a simulation of coolant temperature to
provide time series data and the recalibration performance. Conclusions and future work are at the
end of the chapter.
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Figure 4-1 Non-redundant sensor recalibration: Tav prediction without Tout measurement

4.2

Hypotheses

The recalibration process is performed in the time scale of seconds. This is due to two facts:
1) conventional Tav controller is based on proportional–integral feedback control which requires
recalibrated Tav in real time; 2) the recalibration should be completed within the sampling intervals
of current plant monitoring practice, which can be as large as one minute.
Xenon and boron concentration are not considered in the simulation because their time
scale at steady state is much longer than the simulation time.
The plant simulated is under a steady state operation at the rated power level, i.e., no
coolant injection or other emergent cooling action is activated and no phase transition of the coolant
happens.
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4.3

4.3.1

Support vector regression (SVR)

The basic idea
A support vector machine represents data sets as expansions in functions of support

vectors, i.e., f(𝐱, 𝛚) = ∑N
) is the kernel function, ωi is the
i=1 ωi K(𝐱 𝐢 , 𝐱) + ω0 , where K(·
coefficient, 𝐱𝐢 is the support vector, x is the input vector, and N is the number of support vectors.
Analogous to orthogonal function expansion, support vectors represent a basis in a
multidimensional vector space. The behavior of the overall system is considered to lie in that space.
For a regression calculation, the input is mapped to the output space using kernel functions,
i.e., the dot product of the input vector with the space's basis vectors. By selecting specific kernel
functions, nonlinear input space can be mapped into linear feature space.
To account for the system dynamics, previous time step measurements are taken as inputs
besides the current time step inputs. This constructs an autoregressive support vector machine, i.e.,
p

q

f(𝐱, 𝛚) = ∑i=1 ωi K(𝐱𝐢 , 𝐱) + ∑j=1 ωj K(𝐱𝐭−𝐣 , 𝐱) + ω0 , where p and q are selected by the user. For
nonlinear regression, radial basis function (RBF) is usually used as the kernel function, i.e.,
2

K(𝐱𝐢 , 𝐱) = e−γ|𝐱𝐢 −𝐱| where γ can be adjusted for best regression results.
To determine γ and the support vectors, a quadratic minimization problem is formed [38],
the ϵ-support vector regression:
𝑙

𝑙

1
min ∗ 𝝎𝑻 𝝎 + 𝐶 ∑ 𝜉𝑖 + 𝐶 ∑ 𝜉𝑖∗
𝜔,𝑏,𝜉,𝜉 2
𝑖=1

subject to:
ωT ϕ(𝐱𝐢 ) + b − zi ≤ ϵ + ξi
zi − 𝛚𝐓 ϕ(𝐱𝐢 ) − b ≤ ϵ + ξ∗i
ξi , ξ∗i ≥ 0, i = 1, … , l

𝑖=1

( 4-1 )
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where ω is the vector variable or weight vector, ϕ(∙)

is a nonlinear mapping satisfying

ϕ(𝐱𝐢 )T ϕ(𝒙𝒋 ) = K(𝒙𝒊 , 𝒙𝒋 ) = RBF, {(xi , zi )} is the training point set, xi ∈ Rn is the feature vector,
zi ∈ 𝑅 𝑙 is the target output, 𝜉𝑖 , 𝜉𝑖∗ are slack variables, C is the cost coefficient, ϵ is the precision or
tolerance of termination criterion, l is the number of support vectors and b is the offset term.

4.3.2

Dual problem and the solution
The dual of the original optimization problem is usually simpler to solve. Here I give the

final form the dual problem while the details can be found in [39], [40].
𝑙

𝑙

𝑖=1

𝑖=1

1
min∗ (𝜶 − 𝜶∗ )𝑇 𝑄(𝜶 − 𝜶∗ ) + 𝜖 ∑(𝜶𝒊 + 𝜶∗𝒊 ) + ∑ 𝑧𝑖 (𝜶 − 𝜶∗ )
𝛼,𝛼 2

( 4-2 )

which is subject to
𝒆𝑻 (𝜶 − 𝜶∗ ) = 0
0 ≤ 𝜶𝒊 , 𝜶∗𝒊 ≤ 𝐶, 𝑖 = 1, … , 𝑙
where 𝑄𝑖𝑗 = 𝐾(𝒙𝒊 , 𝒙𝒋 ) ≡ 𝜙(𝒙𝒊 )𝑇 𝜙(𝒙𝒋 ).
The prediction function becomes
𝒍

𝑓(𝒙) = ∑(𝜶𝒊 + 𝜶∗𝒊 )𝐾(𝒙𝒊 , 𝒙) + b

( 4-3 )

𝒊=𝟏

This study applies a sequential minimal optimization (SMO) type decomposition method
to solve the dual optimization. It is achieved in LIBSVM (a LIBrary for Support Vector Machines),
which is a library for support vector machine used for support vector classification and regression
and is developed by Chang and Lin at National Taiwan University [41].
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4.3.3

Regression
Besides solving the quadratic problem above, I selected the optimal ϵ and γ parameters

were selected by grid search. The training and regression performance are measured by the mean
squared error (MSE):
𝑁

1
2
𝑀𝑆𝐸 = ∑(𝑓(𝑥𝑗 ) − 𝑧𝑗 )
𝑁

( 4-4 )

𝑗=1

where f(xj) is the predicted output and zj is the true value.
Figure 4-2 shows the procedure of the proposed method to predict T av of a PWR plant.
The input signal is the control rod reactivity perturbation and the output is Tav. Model i is the
optimal model, selected by grid search and its support vectors and coefficients are used to formulate
the SVM predictor.

Figure 4-2 Procedure of autoregressive SVR
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4.4

Coolant temperature simulation

A generic Westinghouse 3-loop PWR plant model was built in this study. It is a lumpedparameter model with plant and operation parameters obtained from GSE JStation Version 4.3 and
its accessory documentation. The major plant parameters are listed in Table 4-1Error! Reference
source not found.. The model covers reactor point kinetics, coolant transport, Doppler and
moderator feedback, control rod manipulation and steam throttling.

Table 4-1 Plant and operation parameters of the generic Westinghouse 3-loop PWR
Total heat output
Heat generated in fuel
Nominal vessel pressure
Total coolant flow rate
Coolant temperature
Nominal inlet
Average rise in vessel
Outlet from vessel
Equivalent core diameter
Core height
Fuel type
Fuel weight, uranium
Number of fuel assemblies

2785 MWt
97.4 %
153 atm
155 kg/sec
588.45° F (309.15 °C)
557.0° F (291.7 °C)
62.9° F (34.9 °C)
619.9° F (326.6 °C)
9.98 ft
9.98 ft
17×17 Optimized Fuel Assembly
66,411 kg
157

Figure 4-3 shows the schematic of the model. It was developed and executed with the
Simulink component of the MATLAB computing environment. The differential equations used to
model each component’s dynamics are listed in the Appendix. The objective is to calibrate
temperature sensors to the accuracy of less than 0.3 °C [12].
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Figure 4-3 Scheme of generic Westinghouse 3-loop PWR model (CR Rho: control rod
reactivity insertion; Tfuel: fuel average temperature; THL: hot leg coolant temperature;
TCL: cold leg temperature; MW: thermal power; Tave: average coolant temperature, i.e.,
(THL + TCL)/2.)

4.5

SVM feature selection

The following time dependent variables are selected as the input features of the support
vector machine: control rod reactivity insertion δρ(t), reactor inlet temperature T in(t), previous δρ(tn), Tin(t-n) and Tav(t-n), steam temperature Tstm(t) and steam power Pstm(t). These variables are
considered closely related to Tav(t) and feasible for real plant monitoring.
In LIBSVM, the number of support vectors is equal to the number of training data points,
i.e., every data point vector is treated as a support vector.
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4.6

4.6.1

Results

Reactivity perturbation
Small random perturbation of control rod reactivity is inserted into the PWR model to

generate output signals for the SVM since the steady state output of a PWR at rated power does not
provide much information on the plant dynamics. The perturbation used in this dissertation is a
band-limited white noise, which is a series of normally distributed random numbers. They have
noise power of 0.00003 such that the reactivity is in the 10-3 level. The sample time is 10 seconds
and it means a random number is generated every 10 seconds. Such perturbation is chosen to
generate random step responses from the plant model, which can be serve conditions in real plant
operation. Then the performance of the proposed method can be fully explored. Figure 4-4 shows
that the inserted reactivity is on the 10-3 scale. The variations in Tav are within 1.5 °F.

Figure 4-4 Simulated reactivity perturbation and coolant average temperature response
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4.6.2

SVM parameter selection
The allowable deviation ε reflects regression precision and should be less than 0.3 °C. Its

search range is set to be (0, 0.3]. The γ parameter in the radial basis kernel function does not have
direct relationship with any physical parameters. LIBSVM uses the default value of 1 / (number of
features). By coarse grid search trials, I found MSE is a concave function of γ over the range of
(0.01, 0.06). Finer grid search was done in this range. The optimal ϵ and γ were found by grid
search, to be 0.06 and 0.02.
C is chosen to be the absolute range of the training data output signals, i.e., C = max(y) min(y). This is designed to put a high penalty for regression deviations in large variation signals,
which usually indicates that the plant is experiencing transient conditions and a higher accuracy of
Tav is desired.

4.6.3

Recalibration with simulated data
Besides autoregressive SVR, conventional autoregression and basic SVR were also

examined with the same training data. They are evaluated by the aforementioned mean squared
error of the predicted Tav series of 6000 data points (about 69 seconds). Figure 4-5(b), (c) and (d)
show part of the prediction data series of the three approaches, along with the simulation output
data in (a). Table 4-2 lists the MSE and maximum errors for the three approaches.
Autoregression and autoregressive SVR both tracked Tav with trivial errors at quasi-steady
state conditions. Basic SVR tracked the trend of Tav. Considerable damping at transient instants
was observed as shown by arrows in Fig. 4 (b). Autoregressive SVR successfully predicted T av
variations at fast transient instants while autoregression generated large overshooting. This is
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mainly due to the nonlinear nature of such transients while autoregressive regression can only fit
them with linear models.

Figure 4-5 Recalibration performance of three approaches
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Table 4-2 Mean squared errors for three approaches

Autoregressive regression
Basic SVR
Autoregressive SVR

4.6.4

MSE (°F)2
4.93×10-4
3.20×10-3
7.57×10-6

Max error
0.26 °F (0.15 °C)
0.19 °F (0.11 °C)
0.03 °F (0.02 °C)

Robustness against sensor noise
The coolant temperature simulation in section 0 does not model measurement noise and its

outputs are all ideal. To simulate more real time series data, Gaussian white noise (normally
distributed with zero mean) series were added in the training data set to model the sensor noise
[42]. The noise variation of each signal (i.e., δρ, Tin, Tout, Tstm and Pstm) was set to be 3 % of the
mean value of the signal. Figure 4-6 (a) shows the noisy training data and (b) presents the
recalibration result with autoregressive SVR. The proposed approach performs well against noisy
data.

Figure 4-6 Recalibration with noisy training data
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4.6.5

Recalibration with experimental measurement
The proposed method was also tested with a dataset of fuel temperature measured at the

TRIGA (Training, Research, Isotopes, General Atomics) reactor at Penn State Radiation Science
and Engineering Center. The rated thermal power of the reactor is 1 MW. The fuel is made of
zirconium-uranium metal alloy with hydrogen as moderator. At each end of the fuel rod, there is
graphite acting as reflector. Table 4-3 shows additional information about fuel.

Table 4-3 Penn State Breazeale Reactor fuel information
Enrichment – 235U
Physical size
Fuel matrix
Primary moderator
Cladding

< 20%
~0.8 m
Uranium metal
Zr1 H 1.65
Stainless Steel

The temperature measurements were collected from a thermocouple embedded in the fuel
rod. It is located in channel (10, 225) as displayed in Figure 4-7, a core map from 2009 [43]. The
coolant temperature regulation was done through manipulating the regulating rod in channel (12,
RR). The regulating rod is a control rod made with B4C absorber SS304L cladding and is designed
to change the reactivity by a small degree.
The reactor was operated at 250 kW at the beginning of the experiment. The operator
quickly increased the power by 10 % by withdrawing the regulation rod rapidly. After about two
minutes, the regulation rod was inserted back to retain 250 kW power for approximately two
minutes. This procedure was repeated for 10 cycles (only data of 6 cycles was used). This operation
was designed to mimic the aforementioned reactivity perturbation.
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Figure 4-7 The core loading map in 2009 [43] (the colorful circles stand for channels where
the fuel rods are housed; C.R. stands for control rod and RR stands for regulation rod.)

Figure 4-8(a) and (b) show the thermal power and fuel temperature variations. The thermal
power, its delayed sequences and fuel temperature delayed sequences were selected as the features
of the SVM input. Data series of 300 seconds were used for training and the successive 600 seconds
were used for testing.
Figure 4-8(b) shows the autoregressive SVR predictions and (c) shows the smoothed
measurement and prediction of a small time period for the readers to observe the prediction
accuracy. In the testing data of 600 seconds, the maximum prediction error is about 2 °F.
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Figure 4-8 Fuel temperature recalibration using experimental data.

4.7

Conclusions

This approach incorporates the autoregressive model and SVM. The former assumes that
the data is self-related and the latter can be used to train nonlinear systems. Its prediction of Tav
with the simulation data generated a very small MSE, even at fast transient conditions. A
conventional linear autoregressive model can also produce good regression results; yet its
maximum error at fast transient scenarios approaches ten times of the autoregressive SVR. This is
due to the fact that the autoregressive model is a linear model itself and is not capable for nonlinear
systems. The proposed method was also tested with simulated and experimental measurement
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noise. The regression results are still satisfying. This study indicates the potential of data-driven
machine learning methods to be used for sensor recalibration of dynamical systems.
Several of the future research directions are conclude as follows.
1) Optimal feature selection. The current work uses an intuitive selection of features
based on their relation to Tav. Further work can be done to quantify the such
relationship between the candidate features and Tav for better and efficient feature
selection.
2) Computational efficiency. The current algorithm spends about two minutes’ PC time
on the grid search and trivial time on prediction. Further evaluation on the
computational time may be done and improvement may also be achieved through
parallel computing since the grid search contains large amounts of independent equal
processes.
3) Simulation improvement. More details of the plant behavior can be modeled. For
example, hysteresis behavior should be added in the reactivity perturbation, as this
should happen in real rod insertion or withdraw.
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Chapter 5. Fault Diagnosis
This chapter covers detecting hardware faults at their early stage in NPPs, including sensor
degradation and component malfunction. Such early faults do not generate noticeable anomalies in
the time series data, either because the data drifts are smaller than or comparable to the natural
fluctuations of normal operation and measurement noise, or because the drifts convey insufficient
information about any hardware faults to the operators and the emergency response system.
As presented in Chapter 3, redundant sensors can cross calibrate each other and detect
measurement anomalies, and hence identify sensor degradation. In case of no redundancy, an online
diagnosis system is proposed to evaluate the sensor health and identify faulty sensors. Once the
sensor is diagnosed as faulty, its measurement will be replaced with virtual sensor estimation as
introduced in Chapter 4. Depending on the severity and the importance to the plant monitoring and
control system, the plant may remain on normal operation until the sensor is replaced during routine
maintenance, or the plant should initiate emergence response. This chapter will introduce detecting
sensor faults in-situ using a data-driven approach, which can also be applied for component
malfunction diagnosis.

5.1

Objectives

Automated fault detection will improve NPP safety for assisting operational personnel in
making decisions and helping plant designer improve design in terms of sensor placement,
component redundancy and maintenance regulation. In catastrophic situations, it can improve
diagnostic accuracy and reduce the decision time and the inspection requirement for
instrumentation.
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This chapter deals with the early faults that do not generate noticeable anomalies in time
series data, either because the data drifts are smaller than or comparable to the natural fluctuations
or noises in normal operation, or because the drifts convey insufficient information about any
hardware faults to the operators or the emergency response mechanisms. The main task of fault
detection is to identify the difference between plant behavior and the expected behavior and label
the hardware working condition at current time as normal or faulty. The following section will
introduce the scheme of the fault diagnosis system and the technologies involved.

5.2

5.2.1

Methodologies

Fault detection
Exogenous stimuli at relatively high frequency are inserted into the system to be

investigated and symbolic dynamics modeling is used to extract system operation features [44].
Then residual analysis or machine learning approaches can be sued for pattern classification. The
advantage is that small changes of physical parameters become detectable [44]. The following
procedure proposed in [44] is used.
1) Excite the system with known stimuli
2) Generate time-series data
3) Embed the time-series data in the phase space
4) Generate symbol sequences
5) Construct finite state automata
6) Detection and identification of faults
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5.2.2

Symbolic dynamic filtering
The concept of symbolic dynamic filtering (SDF) is built upon the following two major

assumptions.
• The physical process is quasi-stationary at the time scale of sensor data acquisition.
• Dynamics of observable non-stationary behavior are associated with the statistical changes
that evolve at a much slower time scale (e.g., structural degradation of plant components).

Figure 5-1 Concept of the two time scales [45]

Figure 5-1 illustrates the concept of the two time scales. The fast scale is related to the
response time of the physical process. Over the span of a given time series, the dynamic behavior
of the anomaly evolution is assumed to remain statistically invariant in the fast scale. On the other
hand, the slow scale is related to the time span over which changes may occur to exhibit nonstationary dynamics. These changes are associated with the evolution of anomalous behavior. In
general, long time span in the fast scale is a tiny (i.e., orders of magnitude smaller) interval in the
slow scale.
The concept of SDF has been used for anomaly detection in diverse aerospace and
electromechanical applications and the details on the theory and construction of SDF have been
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reported in recent publications (e.g., [44]). The SDF algorithm is capable of extracting relevant
information in real time from observed time series data, while being robust to spurious noise and
disturbances. It has been shown by Rao et al. that the performance of SDF algorithm is superior to
several other existing tools (e.g., principal component analysis and particle filtering) in the context
of anomaly detection [46]. Furthermore, SDF is computationally efficient and hence it is wellsuited for real-time anomaly detection and classification on commercially available platforms.
From the perspectives of real-time condition monitoring and fault diagnosis and prognosis, the
major advantages of SDF over other existing anomaly detection methods (e.g., principal component
analysis (PCA)) are summarized as follows.
• Robustness to noise and spurious signals (e.g., high disturbance rejection).
• Capability for early detection of anomalies with low probability of false alarms because of
high sensitivity of the statistical patterns to structural changes in the underlying dynamical
system.
• Adaptability to low-resolution sensing due to coarse graining in the process of data
partitioning.
• Compression of the information, derived from fusion of sensor data and analytical model
data, as short packets of statistical pattern for high throughput, low-latency and errorcorrected transmission over a wireless communication network.

5.3

Sensor fault detection

This section demonstrates how SDF is used for temperature sensor fault detection. The
temperature sensors studied are four in-fuel Type K thermocouples at the TRIGA reactor of Penn
State University. They are embedded in the fuel rods of channels (10, 225), (11, s), (11, 222) and
(10, 132) shown in Figure 4-7. These channels are indexed as I17, I15, I16 and I2 for simplicity.
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These thermocouples have been installed since the fuel rod installation and their lifetime is
estimated to be about six decades. The measurement precisions and sensor physical conditions are
unknown.
The experimental procedure is the same as described in section 4.6.5. Besides at 250 kW
reactor power level, the procedure was repeated for 500 kW. At each reactor power level, the four
temperature measurement time series were collected in parallel through the control room data
logger.
The four measurements all present expected temperature responses in response to the
control rod insertions and withdraws, as seen in Figure 5-2. However, there are large variations in
the amplitude. I17 has the highest fuel temperature among the four and is the closest to the control
rods. I15 is the farthest from the center of the core and measures the lowest fuel temperature. I2
and I16 are at the same temperature level. I2 shows very irregular step responses. All these may be
caused by the channel position relative to the center of the core, the depletion difference of fuel
rods and the distance to the regulating control rod (RR for short).

Figure 5-2 Thermocouple measurements at 250 kW reactor power
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I17, I16 and I2 measurements contain very large high-frequency measurement noise while
I15 has much lower noise amplitude and shows some regular patterns as seen in the zoomed plot
Figure 5-3. I assume this is related to the properties and the installation of the thermocouples.
Although this does not necessarily indicate sensor degradation, such abnormal behavior should be
paid attention to by the control room personnel. The following will show how the proposed method
detects such abnormal behavior.

Figure 5-3 Zoomed plot of the thermocouple measurements at 250 kW reactor power

Each time series of the measurements is first normalized (i.e., shifted and scaled) to zero
mean and unit variance. It is done by shifting the original measurement by the moving averages
and scaled by the measurement standard deviation. Figure 5-4 demonstrates this process with I17
measurement as an example: (1) shows the original measurement and the moving average and (2)
shows the normalized measurement.
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Figure 5-4 Normalization of I17 measurement

The normalized measurement is then symbolized as demonstrated in Figure 5-5. Here the
symbolization uses equal partition of 10 symbols (i.e., each symbol occupies identical length of
measurement range). The sampling rate is the same as the original measurement. In this way, the
original time series data become symbol series. It is important to notice that this configuration of
symbolization is chosen as a trial and the following results will show how this works out. There is
some good research work on optimal partition methods [47]–[49] and it is not the focus of this
chapter.
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Figure 5-5 Symbolization of normalized I17 measurement

The next step is to extract statistical information from the symbol series, which is usually
difficult to obtain from time series data. A state transition matrix (10 ×10) is constructed, in which
every element is the state (i.e., the symbol) transition probability. For example, the element in the
ith row and jth column of the state transition matrix is the probability of symbol j following a
symbol i in the symbol series.
Figure 5-6 and Figure 5-7 visualize the transition matrix using colors to represent
probabilities. They show the transition matrix of the four measurement channels (I17, I15, I16 and
I2) at 250 kW and 500 kW respectively. It can be seen that at both powers, I17, I16 and I2 present
very random patterns while I15 presents very sparse matrix and the transition happens mostly
between certain states. Such quantification and visualization make the difference visible and
obvious.
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Figure 5-6 Transition matrix of the coolant temperature measurement at 250 kW reactor
power: cool color represents low probability and warm color represents high probability

Figure 5-7 Transition matrix of the coolant temperature measurement at 500 kW reactor
power

In summary, SDF based approach is able to extract information in slow time scale and is
useful for pattern extraction and fault detection. Its application in sensor fault detection is mainly
limited by the lack of study on sensor degradation mechanism and lack of faulty sensor data. SDF
is able to detect data anomaly that time series data analysis may not be able to detect but how this
data anomaly corresponds to sensor physical degradation or failure is a bridging area that needs
further study.
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Chapter 6. Conclusions and Future Work
This dissertation has introduced the original work of applying data-driven techniques in
sensor recalibration and fault diagnosis for NPP online monitoring. The methods and validation
results have been presented.
The adaptive filtering program is able to locate and calibrate the faulty sensor measurement
and further reduce its influence on estimating the real physical parameter. It identifies sensor
response time change in a transient situation and calibrates the “drift” smoothly. The algorithm uses
a predefined log likely ratio test which can be adjusted to satisfy sensor recalibration uncertainty
requirements. The filter requires little computational resources and can run on the go, which fits
for online monitoring in NPPs.
The autoregressive support vector regression program provides virtual estimation of the
reactor temperature based on measurements of other physical parameters. It trains historical data
and can be utilized in real time with trivial processing time. Simulation validations prove that the
algorithm can recalibrate a faulty coolant temperature sensor within 0.3 °C under both steady state
and transient conditions. This provides a solution to non-redundant sensor recalibration and sensor
common mode degradation or failure detection.
This research extends the method of redundant sensors cross calibration and addresses the
robustness of the estimates to both individual and common-mode faults. The underlying algorithms
will be capable of quantifying the uncertainties in the estimate for various sources of signal noise
and sensor drift or dropout, which are prevalent in nuclear power plants. Specifically, the allowable
levels of uncertainties in the estimates can be obtained for: (i) the maximum acceptable value of
deviation (MAVD), beyond which the sensor will be scheduled for routine recalibration, and (ii)
the allowable deviation value for online monitoring (ADVOLM), beyond which the sensor
instrumentation will be declared inoperable.
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The proposed fault diagnosis procedure uses external stimuli to detect the physical
parameter change, which is similar to system identification using persistent excitation. The
proposed symbolic dynamics filtering on the other hand, magnifies the feature space for further
pattern classification.
The future work of the proposed fault diagnosis methodology involves several steps. The
first step is to study the feasibilities of applying external excitations to various sensors, components
and the process in NPPs. This is necessary for solving the early fault detection problem as discussed
in Chapter 5 and will also facilitate applications of the proposed SDF method. Such research work
involves finding the possible excitations and identifying whether the excitations can generate
effective outputs with faulty hardware. Effective excitation will also be able to generate response
delays that can be used to locate the position of the fault in the hardware loop. In the second step,
data-driven fault diagnosis should be validated through real plant data. However in practice, it is
very difficult to obtain plant data with real faults and the validation is very challenging. Alternative
approaches include using simulation data and pilot experiment data. Thirdly, an NPP contains large
amounts of components and sensors and effective fault diagnosis should be able to identify multiple
faults happening at the same time and evaluate the significance of the faults. This will require inputs
from NPP operators and industry. With these inputs, the data-driven techniques should be feasible
to achieve the goals.
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Appendix
The model of the coolant temperature dynamics in Chapter 4 is derived through the
following equations.

Reactor Dynamics

Point kinetics:
n

dnr (t) δρ(t) − β
β
=
nr (t) + ∑ cri (t)
dt
Λ
Λ

(A-1)

dcri (t)
= λi (nr (t) − cri (t))
dt

(A-2)

δρ(t) = δρ(t)CR + δρ(t)m

(A-3)

i=1

where δρ(t) = reactivity due to control rods and moderator feedback,
β = delayed neutron fraction,
Λ = prompt neutron life time,
λi = delayed neutron precursor decay constant,
nr (t) = 𝑛

n(t)
𝑟𝑎𝑡𝑒𝑑 𝑝𝑜𝑤𝑒𝑟

cri(t) = 𝑐

= relative neutron concentration,

ci (𝑡)
𝑖,𝑟𝑎𝑡𝑒𝑑 𝑝𝑜𝑤𝑒𝑟

= relative precursor concentration.

Moderator feedback:
δρ(t)m = αT (Tav − Tav (0))
where αT = moderator temperature coefficient,

(A-4)
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Tav =

TIN +TOUT
2

= coolant average temperature in the reactor,

Tav (0) = rated Tav .

Fuel temperature:
dTF (t)
1
=
(𝑃𝑛𝑟 (𝑡) − (𝑈𝐴)𝐹 (𝑇𝐹 − 𝑇𝑎𝑣 ))
dt
𝜌𝐹 𝑉𝐹 𝐶𝑝𝐹

(A-5)

where TF (t) = fuel temperature,
P = rated thermal power from fuel,
VF = fuel volume,
CpF = fuel specific heat,
(UA)F = total fuel heat conductance.

Coolant temperature:
dTav (t)
1
=
((UA)F (TF − Tav ) − 2ṁC CpC (Tav − TIN ))
dt
ρC VC CpC
where ρc = coolant density,
Vc = coolant volume,
CpC = coolant specific heat,
ṁ c = coolant flowrate,
TIN = cold leg coolant temperature.

(A-6)
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Steam Generator Dynamics
Primary side:

dTcP (t)
1
=
(2ṁcP CcP (TcPi − TcP )
dt
ρcP VcP CcP

(A-7)

− (UA)SG (TcP − TSTM ))
where TcP = average coolant temperature in the primary side of steam generator tubes,
TcPi = Thot leg = inlet coolant temperature in the primary side of steam generator tubes,
ρcP = coolant density,
VcP = coolant volume,
CcP = coolant specific heat,
mcP
̇ = coolant mass flow,
(UA)SG = steam generator heat conductance,
TSTM = steam average temperature.

Secondary side: the average water-steam mixture temperature is assumed to be the
saturated temperature and the steam valve position is fixed for the simulation.
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