
ABSTRACT

KOHLER, LAUREN ASHLEY. Bayesian Calibration and Machine Learning-based Validation
of Distributed Fiber Optic Sensors for Advanced Temperature Sensing in Nuclear Reactors.
(Under the direction of Dr. Xu Wu).

The accurate and high-resolution measurement of temperature fields in liquid metal-cooled

reactors is crucial for reactor safety, performance monitoring, and predictive maintenance.

Traditional thermocouple arrays provide reliable temperature data but are limited by sparse

spatial resolution and multiple penetrations through pressure boundaries, leading to increased

maintenance costs and structural vulnerabilities. Distributed fiber optic sensors (DFOS) offer

an alternative, enabling continuous, high-resolution temperature sensing with minimal ves-

sel penetrations. However, DFOS readings require precise calibration to ensure reliability in

extreme environments.

This thesis presents a novel methodology for the calibration and validation of DFOS using

Bayesian inference and machine learning techniques. The study employs the Delayed Rejection

Adaptive Metropolis (DRAM) algorithm to explore calibration parameters and quantify uncer-

tainty in DFOS temperature readings. Sensitivity analysis, incorporating Pearson and Spearman

correlation coefficients, the Morris method, and Sobol’ indices, is applied to assess the impact

of calibration parameters on the model output. Furthermore, a Long Short-Term Memory

(LSTM) autoencoder is utilized to reconstruct temperature fields from sparse thermocouple

measurements, providing a robust validation framework for DFOS readings.

The methodology is demonstrated using experimental data from a water flow loop and

the Thermal Hydraulic Experimental Test Article (THETA) at Argonne National Laboratory,

both equipped with co-located thermocouples and DFOS. Results indicate a strong correla-

tion between thermocouple and DFOS measurements, with Bayesian calibration significantly

improving the accuracy of temperature reconstructions. The findings support the feasibility

of reducing reliance on thermocouples while maintaining precise temperature monitoring in

advanced reactor systems.
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CHAPTER

1

INTRODUCTION

Nuclear reactors are currently undergoing extensive development to provide a more sustainable

and efficient source of power, contributing to global de-carbonization efforts (Omar et al.

2022). Most reactors on the current energy grid operate as Generation III systems, including

pressurized water reactors (PWRs) and boiling water reactors (BWRs) (Marques 2011). While

these reactors have demonstrated reliability and safety, improvements are being explored to

enhance public perception and reduce capital costs, making nuclear power more competitive

with other energy sources (Mignacca et al. 2020).

Advanced reactor designs, including Generation IV reactors, address several challenges

associated with existing nuclear technology (Zohuri 2020). Among these, sodium-cooled fast

reactors (SFRs) (Aoto et al. 2014) and molten salt-cooled reactors (MSCRs) (Serp et al. 2014) offer

significant advantages by utilizing alternative coolants and fuel cycles, leading to improved

thermal efficiency and enhanced fuel utilization (Zinkle et al. 2016; Arostegui and Holt 2019).

These reactors operate at higher temperatures and often incorporate passive safety features

(Nayak and Sinha 2007), reducing the risk of core damage while enabling longer intervals

between refueling cycles (Corkhill et al. 2025).

One of the key benefits of these advanced reactor designs is the potential for more efficient

fuel burnup, which reduces the volume of long-lived radioactive waste (György and Czifrus

2015). Additionally, their ability to operate at ambient pressure decreases the structural re-
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quirements for reactor vessels, lowering construction costs (Yvon and Carré 2009). However,

the economic viability of these reactors depends on optimizing operating and maintenance

(O&M) costs, particularly in monitoring and control systems (Jin and Bang 2024; Abou-Jaoude

et al. 2023). Implementing advanced sensing technologies, such as distributed fiber optic sen-

sors (DFOS), can aid in reducing O&M costs. Fiber optic sensors can provide high-resolution

temperature data for real-time monitoring and early fault detection, improving reactor safety

and operational efficiency.

It is integral for the nuclear industry to continue to push towards automation. One method

of modernization is by incorporating advanced instrumentation and machine learning-driven

monitoring strategies. Use of this technology can further improve reactor performance, re-

duce downtime, and enhance predictive maintenance capabilities (Kovesdi et al. 2021; Alberti

et al. 2023). The successful deployment of these technologies will be critical in ensuring that

next-generation reactors can deliver clean, cost-effective, and reliable energy to meet future

demands.

1.1 Sensors in Nuclear Systems

Temperature measurement is a critical aspect of reactor monitoring ensuring both safety and

efficiency (Korsah et al. 2016). In nuclear reactors, even minor temperature fluctuations can

impact thermal-hydraulic performance, fuel integrity, and overall reactor stability. Accurate

and reliable temperature sensing is essential for maintaining optimal operating conditions,

preventing overheating, and detecting potential failures before they escalate. By continuously

monitoring temperature, reactor operators can make informed decisions that improve reactor

efficiency, extend component lifespan, and enhance overall safety. Temperature sensors provide

essential data that help maintain operational stability and allow for proactive maintenance,

preventing costly shutdowns and ensuring the long-term sustainability of nuclear energy

production. Without precise temperature monitoring, reactors would be more vulnerable to

localized overheating, material degradation, and inefficiencies in heat transfer, which could

compromise safety and economic viability.

Traditionally, nuclear reactors rely on thermocouples as the primary temperature sensors

(Hashemian and Jiang 2009). These devices consist of two dissimilar metal wires joined at one

end, generating a voltage in response to temperature differences (Wu 2018). Thermocouples

are widely used because of their simplicity, reliability, and well-established performance in

high-temperature environments (Rempe et al. 2009). They provide real-time temperature read-

ings at critical reactor components such as the core, coolant channels, and heat exchangers.

However, thermocouples have several inherent limitations. One of their primary drawbacks is

2



that they provide only pointwise temperature measurements, meaning they can only capture

temperature at specific, pre-determined locations (Reales Gutiérrez et al. 2024). This limita-

tion makes it difficult to monitor temperature variations across larger reactor components,

potentially missing localized hot spots or transient fluctuations that could indicate emerging

operational issues. As a result, numerous thermocouples must be installed throughout the

reactor to achieve comprehensive temperature monitoring, leading to increased complexity in

system design and maintenance.

Another significant challenge associated with thermocouples is their susceptibility to degra-

dation over time due to exposure to extreme reactor conditions (Kumar et al. 2025). Corrosion,

embrittlement, and chemical interactions with reactor coolants can lead to sensor drift, re-

quiring frequent recalibration and replacement. This is particularly problematic in advanced

reactors that operate with high-temperature liquid-metal or molten salt coolants, where ther-

mocouples degrade even more rapidly (Palmer et al. 2015). The frequent need for replacements

increases O&M cost, especially in reactors where sensor maintenance requires a complete sys-

tem shutdown or the use of specialized robotic systems (Stewart and Shirvan 2022). Additionally,

thermocouples require multiple penetrations through the reactor vessel’s pressure boundary

to accommodate different sensing locations (Hyer et al. 2023). Each penetration introduces a

potential point of structural weakness and increases the risk of leaks, which can compromise

reactor safety (Hyvärinen et al. 2022). The complexity and cost of installing and maintaining

thermocouples, combined with their limitations in providing spatially resolved temperature

data, highlight the need for a more advanced sensing technology that can withstand harsh

reactor environments while delivering more comprehensive thermal monitoring.

An alternative to conventional thermocouples is fiber optic sensors, which offer several

advantages in nuclear reactor applications (Wu et al. 2021a; Davydov et al. 2019). These sensors

operate based on changes in optical properties, such as light scattering and transmission, that

occur in response to temperature fluctuations along the length of the fiber (Udd and Spillman Jr

2024). Unlike thermocouples, fiber optic sensors do not rely on metallic components, making

them more resistant to corrosion, oxidation, and mechanical wear. Fiber optics have already

been widely adopted in industries requiring high-precision sensing, including aerospace, struc-

tural health monitoring, and telecommunications (Rovera et al. 2023; Wu et al. 2020; Huang

et al. 2019). In nuclear power, fiber optic sensors can be used for distributed temperature

sensing (DTS), where an optical fiber functions as a continuous temperature sensor rather than

a discrete point sensor (Lu et al. 2019). This allows for significantly higher spatial resolution

in temperature measurements, providing a more detailed understanding of thermal behav-

ior within the reactor. By enabling continuous monitoring along the entire length of a fiber,

these sensors allow operators to track temperature variations with unprecedented accuracy,
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capturing transient thermal events that would otherwise be undetectable with traditional

thermocouple systems (Lenner et al. 2019).

One of the most significant advantages of fiber optic sensors over thermocouples is their re-

duced need for penetrations through the reactor vessel. While thermocouples require multiple

insertion points for distributed temperature monitoring, fiber optics need only a single inlet

and outlet penetration. This reduction in penetrations improves the structural integrity of the

reactor vessel, decreases the risk of coolant leaks, and simplifies installation and maintenance.

By minimizing the number of pressure boundary intrusions, fiber optic sensors enhance reactor

safety and reliability while also reducing engineering challenges associated with maintaining

a containment structure. Additionally, because fiber optic cables are highly flexible and can

be routed through complex geometries, they can be strategically placed to provide optimal

thermal coverage without requiring invasive modifications to the reactor design.

Fiber optic sensors are far more resistant to degradation in harsh reactor environments

compared to thermocouples (Girard et al. 2019). Their silica-based structure is less susceptible

to chemical interactions, and they do not contain metallic junctions that can corrode or weaken

over time. As a result, fiber optics have a significantly longer operational lifespan, reducing the

frequency of replacements and lowering overall maintenance costs. In reactors where sensor

replacement is costly and complex, the long-term durability of fiber optic sensors provides a

major economic benefit. The extended operational lifetime of fiber optics also translates into

fewer disruptions in reactor operation, as they require less frequent intervention for calibration

and maintenance. This increased reliability ensures that continuous and accurate temperature

data is available without the need for frequent shutdowns or labor-intensive replacements,

making fiber optic sensors an attractive choice for next-generation reactor monitoring systems.

Unlike thermocouples, which provide discrete temperature measurements at fixed loca-

tions, fiber optic sensors enable continuous, high-resolution temperature mapping along the

entire length of the fiber (Lu et al. 2019). This capability is particularly valuable in advanced

reactor designs, where precise temperature control is essential for maintaining efficient heat

transfer and detecting localized thermal anomalies. With fiber optics, operators can monitor

subtle temperature variations that might otherwise go unnoticed with traditional pointwise

sensors. This level of spatial resolution provides a more in-depth view of reactor thermal behav-

ior, allowing for early detection of potential failures, optimization of coolant flow, and improved

overall reactor efficiency. Continuous monitoring also enhances safety margins by enabling

real-time detection of abnormal temperature gradients that could indicate structural issues

or coolant flow disruptions. The ability to track these variations with high accuracy makes

fiber optic sensors an indispensable tool for improving reactor performance and extending

component lifespan.
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Although the initial installation costs of fiber optic sensors may be comparable to those of

thermocouple networks, the long-term savings in maintenance, replacement, and labor costs

make fiber optics a more cost-effective solution. The reduced need for penetrations, combined

with the longevity of the sensors, minimizes operational disruptions and reactor downtime,

leading to overall cost reductions in nuclear plant operation. Additionally, because fiber optic

sensors can be integrated into existing reactor monitoring systems with minimal modifica-

tions, they provide a scalable and adaptable solution that can be deployed across different

reactor designs. As fiber optic technology continues to advance, its potential applications in

nuclear energy will expand, further solidifying its role as a superior alternative to conventional

temperature measurement systems.

While fiber optic sensors provide high-fidelity temperature data, one of the main challenges

lies in processing and interpreting this information efficiently (Huang et al. 2021; Ghafoori

et al. 2020). Unlike thermocouples, which generate simple numerical outputs at a limited num-

ber of points, fiber optics produce large, continuous datasets that require analytical methods

to extract meaningful insights. Managing these data streams is essential for maximizing the

benefits of fiber optic sensing technology. Developing effective data processing techniques

will be crucial for fully integrating fiber optics into reactor monitoring systems. By improving

data interpretation, reactor operators can leverage fiber optic sensors to enhance real-time

temperature monitoring, detect anomalies earlier, and optimize reactor performance. Contin-

ued research in this area will ensure that fiber optic technology becomes a key component of

next-generation nuclear reactor safety and efficiency.

The integration of fiber optic sensors in nuclear reactors represents a significant step

forward in temperature monitoring technology. Their ability to provide high-resolution, con-

tinuous temperature data, combined with increased durability and fewer penetration points,

makes them a superior alternative to traditional thermocouples. While challenges remain

in processing and analyzing the vast amounts of data they generate, advancements in data

interpretation methods can allow further use of DFOS.

1.2 Motivation

In the operation of a nuclear reactor, it is necessary to measure the temperature accurately.

DFOS present an alternative to traditional thermocouples by offering high-resolution, continu-

ous temperature data along the entire length of the fiber. However, the relationship between

the raw DFOS readings and actual temperature values must be better understood to ensure

accuracy and reliability. The calibration of DFOS temperature measurements requires the

development of a correlation between the fiber optic response and the true thermal state of
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the reactor environment. By refining this calibration curve, it becomes possible to extract

meaningful temperature information from DFOS with greater confidence, allowing them to

serve as a primary monitoring system rather than a supplementary one.

A key motivation for this work is the potential to reduce the number of thermocouples

installed within the reactor, which are currently treated as the temperature truth for calibration

and monitoring. While thermocouples provide reliable pointwise temperature measurements,

they have inherent drawbacks, including limited spatial resolution, susceptibility to degrada-

tion, and the requirement for multiple penetrations through the reactor vessel. These penetra-

tions introduce structural vulnerabilities and increase the likelihood of coolant leaks, while

the frequent need for sensor replacement adds to O&M costs, particularly during refueling

outages. If DFOS readings can be reliably validated and corrected, reactors could operate with

fewer thermocouples, reducing these associated costs and streamlining reactor design without

compromising safety or monitoring capabilities.

Additionally, ensuring the long-term reliability of DFOS requires a systematic approach

to validating their readings against known temperature conditions. While DFOS offers high-

resolution spatial data, they remain susceptible to environmental factors such as radiation

exposure, mechanical strain, and signal drift, all of which can impact their accuracy. By compar-

ing DFOS data with trusted thermocouple measurements, this work seeks to establish reliable

methods for detecting and correcting sensor malfunctions. Understanding the conditions un-

der which DFOS readings deviate from expected values will enhance the predictive capabilities

of reactor monitoring systems, allowing operators to identify failing sensors before they impact

reactor safety or performance. Developing strategies to recognize and account for sensor drift

or degradation will improve the feasibility of widespread DFOS adoption in nuclear reactors,

ensuring that these sensors remain a cost-effective and dependable solution for real-time

temperature monitoring.

1.3 Problem Definition and Goals

A key challenge in deploying DFOS for reactor temperature monitoring is calibration, as these

sensors do not inherently provide absolute temperature readings and must be referenced

against known measurements. Thermocouples are currently used as the temperature truth,

but reducing the number of thermocouples needed while maintaining accurate monitoring is

essential for lowering O&M costs. This requires determining the optimal placement of ther-

mocouples to establish a reliable calibration curve for DFOS while minimizing disruptions to

reactor operation. The calibration process must refine the relationship between DFOS signal

response and actual temperature, ensuring the accuracy of thermal measurements across
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varying reactor conditions. By improving the calibration framework, DFOS can provide mean-

ingful and consistent temperature data while reducing the need for extensive thermocouple

networks.

Beyond calibration and sensitivity analysis (SA) are necessary to quantify the impact of

various factors on DFOS performance, such as sensor placement, thermal gradients, and

environmental conditions. Since DFOS provide distributed temperature measurements rather

than discrete pointwise data, their readings are influenced by local temperature variations,

signal attenuation, and mechanical strain. Use of SA will help determine which parameters most

affect DFOS accuracy and how uncertainties in calibration propagate through the measurement

system. Understanding these influences will enable refinement of the DFOS temperature

conversion model, ensuring its robustness across different reactor environments. By identifying

the most critical factors affecting DFOS performance, SA will provide insights into improving

measurement accuracy and optimizing sensor placement for long-term reliability.

Validation is crucial for ensuring that DFOS remain accurate and reliable over extended

periods of reactor operation. Unlike thermocouples, which provide stable pointwise measure-

ments, DFOS readings can drift due to radiation exposure, mechanical stress, and thermal

cycling, leading to long-term signal degradation. A systematic validation framework is required

to detect deviations in DFOS readings and distinguish between normal temperature varia-

tions and sensor malfunctions. This involves cross-referencing DFOS data with thermocouple

measurements to establish thresholds for acceptable deviations and implementing correction

mechanisms to maintain sensor accuracy. By developing a validation methodology, DFOS

can be integrated into reactor monitoring systems with confidence, ensuring they provide

continuous, high-resolution temperature data while reducing reliance on conventional sensors.

The main goals of this work are to (1) establish an accurate calibration framework to ensure

DFOS readings reliably correspond to true reactor temperatures, (2) conduct SA to determine

the key factors influencing DFOS performance and improve the temperature conversion model,

and (3) develop a validation methodology to detect and correct deviations in DFOS measure-

ments, ensuring long-term reliability in nuclear reactor environments. By achieving these

objectives, this research will enable the effective integration of DFOS into reactor monitoring

systems, reducing the need for thermocouples and lowering O&M costs while maintaining

accurate and high-resolution temperature monitoring.

1.4 Thesis Outline

This thesis is organized as follows: Chapter 2 introduces the methodology, with Section 2.2

detailing the experimental data acquisition, including measurements from a water-cooled
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mixing tee flow loop and the THETA liquid sodium mockup. Sections 2.3, 2.4, and 2.5 outlines

the numerical approaches used, including Delayed Rejection Adaptive Metropolis (DRAM) for

Bayesian calibration, SA, and neural network models, specifically a Long Short-Term Memory

(LSTM) autoencoder. Chapter 3 presents the results from the mixing tee flow loop, while Chapter

4 discusses the findings from the THETA experiment. Finally, Chapter 5 concludes the paper

by addressing study limitations and potential improvements for future research.
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CHAPTER

2

METHODOLOGIES

This study evaluates time-dependent datasets using parameter calibration techniques, SA, and

machine learning validation models to offer an approach to interpreting thermal behavior.

The datasets were collected at Argonne National Laboratory from two distinct experimental

systems within the Mechanisms Engineering Test Loop (METL). These experiments represent

approaches for gathering high-fidelity fiber optic thermal hydraulic data and thermocouple

temperature data. Section 2.2 details the two experimental setups analyzed in this study. Specif-

ically, Section 2.2.1 focuses on the baseline experiment, where thermal mixing phenomena in

a water mixing tee were examined. In this setup, water served as the working fluid, and a 38

kW electrical pump was used to circulate the fluid while a heater operated over time to collect

temperature data. Section 2.2.2 delves into the Thermal Hydraulic Experimental Test Article

(THETA), which used liquid sodium as the working fluid. In both setups, thermocouples and

fiber optic cables were employed to capture temperature measurements.

Subsequent sections describe the methodologies applied to analyze the collected data.

Section 2.1 describes the fiber optic cables used in following sections alongside a description of

the scientific background of this component. Section 2.3 explains the use of inverse uncertainty

quantification (IUQ) for calibrating the fiber optic system parameters, with a focus on the

implementation of the MCMC DRAM algorithm. Section 2.4 outlines various SA methods used

to rank measurement locations, facilitating sensor reduction for future applications. Finally,
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Section 2.5.2 describes the machine learning techniques employed in this study, specifically

the use of a LSTM autoencoder. This model was used to resize fiber optic data to match

thermocouple data, enabling comparisons to determine the accuracy and functionality of the

fiber optic system.

2.1 Fiber Optic Cables for Sensing

Fiber optic cables are a tool in advancing temperature sensing technologies with high spatial

resolution and reduced need for intrusive penetrations in reactor pressure boundaries. Their

capability to provide continuous, distributed temperature measurements makes them partic-

ularly well-suited for applications in advanced reactors. This study investigates their use for

monitoring temperature fields in high-temperature environments.

The fundamental principle of fiber optic temperature sensing relies on the interaction

between light and the fiber’s material properties. Different types of scattering processes occur

within the optical fiber, each offering unique advantages for sensing applications. Rayleigh

scattering, a linear scattering phenomenon caused by microscopic inhomogeneities in the

fiber’s material, is the primary mechanism responsible for signal attenuation in optical fibers

(Young 1981). It also enables backscatter-based temperature sensing, where frequency shifts in

the backscattered light are used to infer temperature changes. In contrast, Brillouin scattering

involves nonlinear interactions that generate frequency shifts based on temperature- and

strain-induced variations in the fiber (Wolff et al. 2021). Although Brillouin scattering can

be used for distributed temperature sensing, its low amplitude often limits its practicality in

harsh environments. Raman scattering, another nonlinear process, is particularly sensitive to

temperature changes and is widely employed in DTS systems for nuclear applications (Langer

et al. 2019). Similar to Brilloin scattering, Raman scattering also faces challenges with a low

amplitude.

In this study, a single-mode optical fiber with a wavelength of 1550 nm was used, interro-

gated by the Luna Optical Distributed Sensor Interrogator (ODiSI 6000). The setup leverages

Rayleigh scattering to measure temperature along the fiber’s length (Kautzman et al. 2018;

Korganbayev et al. 2020). The fiber optic cable, housed within stainless steel capillary tubes for

protection, provides high-resolution measurements with spatial intervals of 2.6 mm (Benoit

and Yappert 1996). This configuration allows for use at an elevated temperature, which is simi-

lar to that of nuclear reactor environments. These sensors are then calibrated using co-located

thermocouple arrays.
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2.2 Data Acquisition

To support the development and validation of temperature field reconstruction methodologies,

data was acquired from two experimental systems: the thermal mixing tee and the THETA.

Each system offers unique insights into temperature behavior under different operational

conditions.

The thermal mixing tee discussed in Section 2.2.1 investigates the behavior of thermal

mixing in liquid water systems. This setup experienced multiple transient events during testing,

allowing for the observation of dynamic thermal interactions and heat transfer mechanisms.

These transients provide a rich dataset for understanding the response of the system to varying

flow and thermal conditions.

THETA is a reactor-grade sodium test facility designed to study thermal hydraulic phenom-

ena with liquid sodium as the working fluid. Section 2.2.1 explains more in detail the experi-

ments conducted in THETA focused on thermal stratification, capturing the development and

evolution of temperature layers over time. High-resolution temperature measurements were

obtained using co-located thermocouple arrays and fiber optic sensors.

Together, the data from these systems provide a proposition for this methodology with vali-

dating advanced temperature reconstruction methods. The combination of transient thermal

mixing data and stratification measurements offers a dataset for exploring spatiotemporal

temperature dynamics in liquid metal environments.

2.2.1 Case Study 1: Water Mixing Tee

In the first case study, fiber optics measured the temperature in a thermal mixing tee where the

working fluid was water. The flow loop containing the fluid mixing tee is located in METL at

Argonne National Laboratory, where Figure 2.1 shows the piping and instrumentation diagram.

A similar setup has been used in other studies, such as the investigation of thermal mixing and

flow transients in a water loop, where thermocouples and DFOS were co-located to monitor

temperature distributions in a nearly identical experimental design (Ankel et al. 2020, 2021;

Pantopoulou et al. 2022). The tube material within the flow loop is made using polycarbonate

piping throughout the system. The fluid flows in a clockwise manner such that the flow travels

in an anti-gravity function through the mixing tee. The fluid speed is changed by the use of a

1.5 HP stainless circulation pump located towards the bottom left as shown in Figure 2.1. After

pumping through the circulation pump, some of the fluid travels through the “hot leg”. This

fluid is heated using a variable 4000 W Watlow FLC-16 electric heater. The other flow continues

through the “cold leg”. Both the “hot leg” and “cold leg” fluid are mixed together as indicated

by the left side of Figure 2.1. Thermocouples are located prior to the mixing in the “hot leg” and
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Figure 2.1: Piping and instrumentation diagram of a flow loop containing a mixing tee. Various
components are outlined including a circulation pump, a heater, flow meters, and locations of
the thermocouples (TC).

“cold leg”. In addition, another thermocoulple is located about 23 inches after the mixing of the

two fluids. The fluids are brought back to room temperature using a 130,000 BTU shell and

tube heat exchanger with a coupled 11,300 BTU/hr chiller McMaster 3531K12. A fiber optic

cable is threaded through the left most piping of Figure 2.1. This obtains measurement data

from the cold leg and the mixed fluid data.

In the water test, measurements are taken every second over a period of about 2100 seconds.

A total of 7 different flow rates occur over the timing due to changing the circulation pump

speed, all of which reach steady state as shown in Figure 2.2. This figure shows the measured

flow rates as detected in the cold leg and the fully mixed flow towards the top of the piping
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where the flow meters have measuring accuracy of ±1% of the reading. Thermocouple Type K

are used to to measure the fluid within the “hot leg” and “cold leg”. These are chosen as they

are typically used in nuclear applications due to the high radiation hardness. However, they do

face challenges with the longevity of use. Themocouple Type K can measure up to 1100 ◦ C with

accuracy of ±1.1◦C. It is important to note that at time stamps prior to about 1000s experience

higher levels of noise due to the high fluid flow.

Figure 2.2: Flow rate of the total and cold coolant within the flow loop during tests.

2.2.2 Case Study 2: Liquid Sodium THETA

Case study 1 evaluates the use of this methodology with heated water as the coolant, repre-

sentative of the conditions in the current operating nuclear reactor fleet, including PWRs and

BWRs. In case study 2, the test facility employs liquid sodium as the coolant, simulating the

conditions of a SFR for validating reactor thermal-hydraulic behavior. Experimental data for

this case was collected from the THETA at Argonne National Laboratory. This facility is designed

to replicate both nominal operational conditions and transient scenarios. In other studies,

the same experimental setup has been utilized to monitor liquid sodium systems, such as in

anomaly detection for cold trap operation at the METL at Argonne National Laboratory, where

multisensory data fusion with LSTM autoencoders was applied to identify operational anoma-

lies (Akins et al. 2023). Further details on the status and experimental validation of THETA can

be found in the FY2019 report, which outlines the facility’s capabilities and contributions to

sodium-cooled reactor technology (Weathered et al. 2019).

THETA comprises a primary and a secondary loop, with the primary system including a

sodium pool containing an electrically heated core, a centrifugal pump, an intermediate heat
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Figure 2.3: [Left]Diagram of THETA with main components denoted. [Right] Image of THETA
captured from Argonne National Laboratory.

exchanger (IHX) interfacing with the secondary loop, and associated piping. The secondary

system, located outside the sodium pool, features a sodium-to-air heat exchanger, a pump,

and connecting piping and valves. A schematic representation of THETA, alongside a labo-

ratory photograph, illustrates its physical configuration, including the vertical vessel design,

immersion heater, and associated sodium flow paths, as shown in figure 2.3. The system is

designed to operate under controlled conditions to study transient behaviors relevant to SFR

operation.

A detailed piping and instrumentation diagram, depicted in figure 2.4, illustrates the primary

and secondary flow loops within THETA, highlighting key components such as the immersion

heater, IHX, pumps, and flow measurement locations. Sodium is circulated within the primary

pool, where it is heated and subsequently transferred to the IHX. The secondary system extracts

heat via the air heat exchanger, maintaining controlled thermal conditions for experimental

validation. The sodium pool within the primary system has an outer diameter of 28 inches and

a total height of 59.40 inches, ensuring sufficient thermal mass to study dynamic temperature

gradients and stratification effects.

To facilitate experimental analysis, the vessel lid layout, shown in figure 2.5, provides an

overhead view of the core system components. The primary heater, pump, and IHX are distinctly
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Figure 2.4: Diagram of primary and secondary loop of THETA with the temperature discretion
shown in THETA between the hot and cold pool.

positioned to optimize thermal and flow distributions. Multiple instrumentation ports are

arranged symmetrically around the vessel, allowing for precise temperature and flow rate

measurements at various locations within the sodium pool. The instrumentation array consists

of both thermocouples and fiber optic sensors, enabling high-resolution temperature profiling

throughout the system. These sensors are placed to observe thermal stratification effects.

For this case study, a transient scenario was conducted to replicate thermal stratification

within the sodium pool. The flow rate was maintained at 5 gallons per minute (GPM). Initially,

the heater power was set to 0%, and at 120 seconds, it was activated to 51.4% duty cycle. The

heater power was sustained at this level for 1000 seconds before being turned off, returning

to 0% duty cycle. It is important to note that these tests were conducted using the old SSR

controller, which lacked a power meter. Consequently, the electrical power supplied to the

heater could only be estimated at approximately 20 kWe.

The transient response of the system, captured through high-frequency data acquisition,

provided critical insights into the thermal behavior of the sodium pool. Figure 2.6 presents the

temperature distribution within the pool at various time intervals, illustrating the development

of thermal stratification over the course of the experiment. The upper region of the sodium

pool exhibited a rapid increase in temperature following heater activation, while the lower
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Figure 2.5: Cross section of THETA with the heater, pump, and IHX represented. The location
of the co-located multi-array thermocouples and distributed fiber optic cables illustrated.

region experienced a delayed response, indicative of limited convective mixing.

Figure 2.6: Temperature distribution measured in THETA during thermal stratification tran-
sient using co-located multi-point thermocouple temperature sensors.

In addition to temperature measurements, flow rate data collected during the transient test

confirmed the stability of sodium circulation within the primary loop. The centrifugal pump

maintained a consistent flow rate throughout the experiment, ensuring uniform heat transfer

from the immersion heater to the bulk sodium. This steady-state operation is essential for

benchmarking computational models used in reactor design and safety evaluations.
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2.3 Inverse Uncertainty Quantification

Inverse uncertainty quantification (IUQ) is a process used to infer unknown parameters within a

model based on observational data (Tarantola 2005; Wu et al. 2021b). This process is particularly

useful in parameter calibration for complex systems where direct measurement or computation

of certain parameters is infeasible. While forward uncertainty quantification (UQ) propagates

known input uncertainties through a model to predict output uncertainty, IUQ identifies the

underlying parameters that reproduce observed behaviors while accounting for uncertainty in

both the data and the model itself. This approach ensures that parameter estimates remain

consistent with physical realities and the inherent variability of experimental or operational

environments.

A typical approach to IUQ involves formulating through Bayesian inference, where prior

knowledge about parameters is combined with observational data to compute a posterior

probability distribution. This is illustrated in Figure 2.7, which demonstrates the refinement of

parameter estimates through IUQ using Bayesian inference (Stuart 2010; Wu et al. 2018a,b). The

posterior, p (θ |y), is derived using Bayes’ theorem as shown in Equation (2.1) where θ represents

the unknown parameters, y the observed data, p (y|θ ) the likelihood function quantifying the

agreement between the model and data, and p (θ ) the prior representing pre-existing knowledge

about θ .

p (θ |y)∝ p (y|θ ) ·p (θ ), (2.1)

Inverse UQ often involves high-dimensional parameter spaces, requiring sophisticated nu-

merical techniques to approximate the posterior and extract meaningful parameter estimates

(O’Hagan 2006; Kennedy and O’Hagan 2001; Higdon et al. 2008).

Markov Chain Monte Carlo (MCMC) methods are useful in sampling from complex pos-

terior distributions, especially when analytical solutions are impractical (Tierney 1994; Wu

2017). Among these, the DRAM algorithm can be performed using samples from MCMC results

(Haario et al. 2006). DRAM improves upon the standard Metropolis-Hastings algorithm by

employing delayed rejection, which generates alternative proposals when the initial move

is rejected, thereby enhancing the exploration of the parameter space. Additionally, DRAM

incorporates adaptive proposals, dynamically adjusting the covariance of the proposal distribu-

tion to better align with the shape of the posterior, accelerating convergence. Mathematically,

DRAM’s adaptation is expressed through the iterative update of the proposal covariance, Σ, as

shown in Equation (2.2) where n is the iteration number, θi the sampled parameter vector at

iteration i , and θ̄ the mean of the samples up to iteration n . This ensures that the chain adapts
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Figure 2.7: Visualization of Bayesian statistics with a synthetic distribution.

to the local posterior geometry, improving acceptance rates and reducing burn-in times.

Σn+1 =
1

n

n
∑

i=1

(θi − θ̄ )(θi − θ̄ )⊤, (2.2)

The convergence of the Markov chain within an MCMC algorithm indicates that the chain

has reached a stationary distribution representative of the posterior. This is often assessed

using diagnostics such as the autocorrelation function (ACF), which measures the correlation

between successive samples in the chain. As the chain converges, the ACF decreases, indicating

that successive samples are becoming less correlated and providing a more comprehensive

exploration of the posterior. The effective sample size, derived from the ACF, is another key

metric, as it quantifies the number of independent samples obtained despite correlations

within the chain.

To further analyze MCMC results, pairwise plots of parameter distributions offer a visual

representation of the parameter distributions. These plots illustrate the joint and marginal

posterior distributions of parameter pairs, highlighting correlations and revealing the structure

of the posterior landscape. For example, a Gaussian-shaped distribution in the pairwise plot

indicates well-constrained parameters, whereas elongated or irregular shapes may suggest
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strong correlations or multimodal posteriors. DRAM’s adaptive nature is particularly effective

in resolving such challenges, as it dynamically reshapes the proposal distribution to improve

sampling efficiency in these regions.

The efficiency of DRAM in practice is evident in its ability to generate reliable parameter

estimates with fewer iterations compared to non-adaptive MCMC methods. By employing

delayed rejection, the algorithm avoids becoming trapped in local minima, ensuring robust

exploration of the parameter space. The effectiveness of this approach can be observed in

Figure 2.7, which presents the posterior distributions of the calibrated parameters along with

their pairwise correlations, demonstrating improved parameter convergence and reduced

estimation uncertainty.

2.4 Sensitivity Analysis Methods

Sensitivity analysis (SA) is a critical tool in modeling and simulation, used to quantify the

influence of input parameters on a model’s outputs. By systematically varying inputs, SA

identifies the most impactful parameters, highlights potential interactions, and assesses the

robustness of a system under uncertainty. This process aids in refining models, prioritizing data

collection efforts, and guiding decision-making. Sensitivity analysis is typically divided into two

categories: local sensitivity analysis (LSA), which examines the effect of small perturbations near

a baseline point, and global sensitivity analysis (GSA), which evaluates the entire input space

to capture non-linearities and interactions among parameters (Saltelli et al. 2008; Wainwright

et al. 2014; Iooss and Lemaître 2015). This distinction ensures that SA can address diverse

modeling needs, from initial screening of influential variables to comprehensive understanding

of complex systems.

2.4.1 Correlation Coefficient

Correlation coefficients are identify the relationship between input variables and model outputs.

The Pearson Correlation Coefficient (PCC) measures the strength and direction of a linear

relationship between an input parameter X i and output Y . Mathematically, it is defined in

Equation (2.3) where Cov(X i , Y ) is the covariance between X i and Y , andσX i
andσY are the

standard deviations of X i and Y , respectively.

ρX i ,Y =
Cov(X i , Y )
σX i
σY

(2.3)
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The PCC ranges from −1 to 1, with values near −1 indicating a strong negative linear relation-

ship, near 1 indicating a strong positive linear relationship, and values near 0 suggesting no

linear correlation. While the PCC is a powerful metric for linear models, its reliance on the

assumption of normality and sensitivity to outliers can limit its applicability, especially in

scenarios involving non-linear or noisy data.

The Spearman Rank Correlation Coefficient (SRCC) is a non-parametric alternative that

evaluates monotonic relationships by ranking the data values. It is given in Equation (2.4)

where di is the difference between the ranks of X i and Y for each observation, and n is the

number of data points.

ρs = 1−
6
∑

d 2
i

n (n 2−1)
(2.4)

Unlike PCC, SRCC does not assume a specific distribution for the data and is robust against

outliers, making it particularly suitable for non-linear dependencies or data with irregular

distributions. By focusing on rank rather than magnitude, it captures the direction and consis-

tency of relationships, rather than their specific form. Both PCC and SRCC are often used in

preliminary SA to identify influential parameters and prioritize further exploration.

2.4.2 Morris Method

The Morris method is a GSA technique designed for computational efficiency in screening

the impact of input parameters on model outputs (Morris 1991; Campolongo et al. 2011). It

evaluates the elementary effects (EE) of each parameter by perturbing one parameter at a time

while keeping the others fixed, thus estimating the local sensitivity across the input space. The

elementary effect for a parameter X i is calculated as in Equation (2.5) where f represents the

model,∆ is the step size, and X1, . . . , Xk are the model inputs.

E Ei =
f (X1, . . . , X i +∆, . . . , Xk )− f (X1, . . . , X i , . . . , Xk )

∆
(2.5)

The method involves multiple random samplings of the input space, ensuring a broad repre-

sentation of the parameter’s effect across different regions. Two key metrics are derived from

the EE: the mean of the absolute values of EE (µ∗), which reflects the overall influence of a

parameter on the output, and the standard deviation (σ), which captures non-linear effects

and interactions.

The mean of absolute effects is computed in Equation (2.6) where r is the number of

sampled trajectories, and |E Ei j | represents the absolute elementary effect for the j -th trajectory.
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The standard deviation is given in Equation (2.7).

µ∗ =
1

r

r
∑

j=1

|E Ei j | (2.6)

σ=

√

√

√

1

r −1

r
∑

j=1

(E Ei j −µ)2 (2.7)

A high µ∗ indicates a parameter with significant overall influence, while a highσ suggests inter-

actions or non-linear dependencies with other parameters. The Morris method is well-suited

for high-dimensional models, where variance-based SA is impractical. However, its approxi-

mation of interaction effects limits its use for detailed analysis, making it more appropriate for

initial parameter screening and prioritization.

2.4.3 Sobol Indices

The Sobol method is a variance-based GSA technique that decomposes the output variance of

a model into contributions from individual input parameters and their interactions (Sobol’

1990; Sobol 2001). This decomposition allows for a quantification of how much each parameter

or combination of parameters influences the variability in the output. The total variance of

the model output Y is expressed in Equation (2.8) where Vi is the variance contribution from

parameter X i , Vi j is the variance due to the interaction between X i and X j , and higher-order

terms represent interactions among more parameters.

Var(Y ) =
k
∑

i=1

Vi +
∑

i< j

Vi j + · · ·+V1,2,...,k (2.8)

Using this decomposition, Sobol indices are defined to measure the relative contribution of

each parameter or group of parameters to the total variance.

The first-order Sobol index quantifies the direct contribution of a single parameter X i to

the variance and is given by Equation (2.9).

Si =
Vi

Var(Y )
(2.9)

This index indicates how much of the output variance can be attributed solely to X i . The

total-order Sobol index accounts for both the direct and interaction effects involving X i and is
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calculated as in Equation (2.10) where Var(Y |X i ) is the variance of Y when X i is fixed, repre-

senting the residual variance from all other parameters.

ST i = 1−
Var(Y |X i )

Var(Y )
(2.10)

Sobol indices are typically estimated using Monte Carlo or quasi-Monte Carlo sampling, re-

quiring multiple evaluations of the model. While computationally intensive, the Sobol method

is particularly valuable for understanding complex, non-linear models with significant interac-

tions among parameters. Its ability to fully decompose variance makes it a cornerstone of SA

for detailed exploration of model behavior.

2.5 Machine Learning for Validation

Machine learning is a subset of artificial intelligence that enables computational systems

to learn from data and make predictions or decisions without being explicitly programmed

(Baker et al. 2019). Unlike traditional algorithms that rely on predefined rules and structured

logic, machine learning models employ statistical techniques and optimization strategies to

iteratively refine their performance based on experience. This adaptability allows them to

handle complex and dynamic datasets for predictive maintenance and scientific computing.

Among the most fundamental structures in deep learning are artificial neural networks

(ANNs), which are computational models inspired by the neural architecture of the human brain

(Yegnanarayana 2009). These networks consist of layers of interconnected artificial neurons,

each performing mathematical transformations on input data. The core components of an

ANN include an input layer that receives numerical representations of features, one or more

hidden layers that process and transform the data, and an output layer that generates the final

prediction or classification. Learning in ANNs occurs through the adjustment of connection

weights between neurons, a process optimized using techniques like gradient descent and

backpropagation. Activation functions such as the rectified linear unit (ReLU), sigmoid, and

hyperbolic tangent introduce non-linearity into the model, allowing it to capture complex

patterns and relationships (Sharma et al. 2017). The architectural flexibility of ANNs enables

their application in diverse domains, from autonomous systems and medical diagnostics to

real-time monitoring of industrial processes. A visualization of a simple feedforward ANN

is presented in Figure 2.8, illustrating the flow of information from input features through

multiple hidden layers before reaching the output layer.

The design of ANNs can be specialized based on the nature of the data and the problem
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Figure 2.8: Outline of a one-layer neural network with a representation of the activation
function to obtain the outputs.

being addressed. Recurrent neural networks (RNNs) are particularly well-suited for handling

time-dependent data, as they maintain internal memory that allows them to process sequences

efficiently, making them ideal for applications such as speech recognition, language modeling,

and time-series forecasting (Medsker et al. 2001). However, traditional RNNs struggle with

learning long-term dependencies due to the vanishing gradient problem, which is addressed

by long short-term memory (LSTM) networks through specialized gating mechanisms that

enable the retention of information over extended time intervals. LSTMs selectively update,

forget, and output information, making them widely used for modeling complex temporal

patterns in sensor validation, anomaly detection, and forecasting applications. Extending

these capabilities, autoencoders provide a framework for learning efficient representations

of data in an unsupervised manner, consisting of an encoder that compresses input into a

lower-dimensional latent space and a decoder that reconstructs the original input. When

combined with LSTMs, autoencoders become powerful tools for reconstructing missing sensor

data, detecting anomalies, and validating measurements by learning expected outputs from

historical data and identifying deviations that may indicate sensor faults or system anomalies.

2.5.1 Autoencoders

Autoencoders are a class of ANNs designed for learning efficient representations of input

data, often applied to tasks such as dimensionality reduction, anomaly detection, and feature

extraction (Lange and Riedmiller 2010; Wang et al. 2014). Unlike traditional ANNs that are

trained for classification or regression, autoencoders focus on reconstructing their input data

by encoding it into a compressed latent representation and then decoding it back to its original
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form. This structure comprises two main components: the encoder, which maps the input

data to a lower-dimensional space, and the decoder, which reconstructs the input from the

compressed representation. The objective of an autoencoder is to minimize the reconstruction

error, ensuring that the essential characteristics of the data are retained while reducing noise

and redundancy. Figure 2.9 presents a schematic of an autoencoder, demonstrating how data

is transformed through successive layers to create a compact yet informative representation

before being reconstructed by the decoder.

Figure 2.9: Simple diagram of an autoencoder showing the compression of inputs and decod-
ing to obtain the outputs.

2.5.2 LSTM Networks

LSTM networks are a specialized form of RNNs designed to address the limitations of traditional

RNNs in learning long-range dependencies (Graves and Graves 2012). Standard RNNs suffer

from the vanishing gradient problem, which causes difficulty in retaining information across

extended sequences (Noh 2021). LSTMs overcome this challenge by incorporating memory cells

that selectively retain, update, or discard information through three gating mechanisms: the

input gate, forget gate, and output gate. The input gate determines how much new information

should be incorporated into the memory cell, the forget gate decides which portions of the

stored information should be discarded, and the output gate regulates how much of the memory

state should contribute to the final output. This structure allows LSTMs to effectively capture

long-term dependencies in sequential data, making them particularly valuable in applications

such as speech recognition, machine translation, and financial time-series forecasting. Figure

2.10 provides a visualization of an LSTM cell, illustrating how information is dynamically

processed through its gating mechanisms.

In this study LSTM-based autoencoders are used in the validation of DFOS, which are

used for high-resolution temperature monitoring in high temperature environments. These

sensors provide valuable data for assessing thermal conditions in critical systems such as
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Figure 2.10: A diagram of a LSTM memory cell with its key gating mechanisms.

nuclear reactors, aerospace components, and industrial heat exchangers. Figure 2.11 illustrates

an LSTM autoencoder applied to temperature monitoring data from a thermal hydraulic

experiment, where input from thermocouples and fiber optic sensors is processed to validate

sensor readings. The model learns to reconstruct expected temperature profiles and detect

deviations.

Figure 2.11: Layout of the LSTM autoencoder for validation of DFOS using input from ther-
mocouples.
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CHAPTER

3

CASE STUDY 1: WATER MIXING TEE

RESULTS

In this chapter, results obtained from the water mixing tee located at Argonne National Lab-

oratory are displayed. The methodology for obtaining this data is written in Section 2.2.1. A

piping loop containing water as the coolant circulates in a counter-clockwise manner. The

water is split to heat some of the coolant, where it is then mixed with the bulk of the flow.

Temperature measurements are taken as a function of time across a few different transients

through operating the pump at different speeds.

This chapter will describe in more detail how fiber optics measure temperature through

a systematic methodology that includes calibration, SA of each measurement location, and

validation using a machine learning model. The Bayesian calibration approach applied here

builds upon prior work on distributed fiber optic temperature sensing, as detailed in (Kohler

et al. 2024d,e), which introduced an advanced uncertainty quantification framework using

DRAM for parameter estimation. By leveraging Bayesian inference, the methodology refines

the conversion of Rayleigh scattering-based frequency shifts to temperature readings, thereby

reducing measurement uncertainties and improving reliability.

Additionally, the SA techniques employed in this study are informed by the findings in

(Kohler et al. 2024a), where GSA metrics, including Morris screening and Sobol’ indices, were
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used to rank the influence of different sensing locations on the overall system accuracy. This

SA is critical for determining optimal calibration points and ensuring that fiber optic sensors

provide high-fidelity measurements across the temperature field.

Furthermore, this chapter explores the integration of machine learning techniques for

validating fiber optic temperature measurements. A LSTM autoencoder model is utilized to

reconstruct distributed temperature profiles from sparse multi-point thermocouple arrays,

complementing the Bayesian calibration and SA. This validation approach is particularly

useful for detecting potential discrepancies between fiber optic sensors and traditional ther-

mocouples. By incorporating these methodologies—Bayesian calibration, SA, and machine

learning-based validation—this study enhances the accuracy and applicability of distributed

fiber optic temperature sensing in thermal hydraulic systems.

3.1 Bayesian Calibration

The Rayleigh scattering fiber optic distribution sensors measure the frequency shift across

the length of the fiber where the temperature can be obtained through a calibration curve. To

perform calibration on the frequency shift calibration curve, the model must be defined as

described in Equation 3.1 where T is defined as temperature in Celcius and S is the frequency

shift in GHz based on previous relations (Weathered et al. 2017).

T = a |S |b + c (3.1)

To make more inferences about the parameters within the model of the calibration curve,

MCMC DRAM is employed to better approximate the estimates of the parameters along with

the uncertainties. The parameters are initialized as θ = [θ1 = a ,θ2 = b ,θ3 = c ] where these

values can be found from previous relationships by Weathered (Weathered et al. 2017) and

set to be as follows: θ = [θ1 = 1.569,θ2 = 0.855,θ3 = 22.4]. In the definition of DRAM for the

parameters, sampling can be limited within range to better model the distribution. In this case,

the parameters a and c are constrained in the positive domain or (0,+∞) based on physical

phenomena and b is limited between (0, 1) to lead to a faster convergence and a more realistic fit

of the model. For calibration purposes, the fiber optics sensors are co-located at the same spatial

axial position with four other thermocouples. The function optimized through MCMC DRAM

is root mean square error where the inputs are the fiber optic frequency measurements and

the output is obtained of the temperature measurements from the co-located thermocouple

measurements. A total of 100,000 samples are modeled as benchmarking shows convergence

at this amount of samples.
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Figure 3.1: Chain plots obtained after 100,000 samples using DRAM with a 5,000 burn-in to
approach convergence for the distribution.

As shown in Figure 3.1, the sample chains are shown where they appear to well explore

the data. A burn-in time is applied at 5,000 samples as initially it takes time for the model

to determine where the parameters are distributed around. To further show convergence of

the chains, the ACF plots are shown in Figure 3.2 where each of the parameters converges to

around 0 after about 30 lags, implying that every 30 samples is approximately independent

of the following sample. Applying statistical estimators of the expected value and uncertainty

based on the burn-in time and ACF findings by limiting to every 30th sample, Table 3.1 is able

to obtain the posterior distribution of the fitted calibration parameters. To further evaluate the

distribution of the samples obtained from MCMC DRAM, a distribution plot is shown in Figure

3.3 along the main diagonal. Furthermore, the chain samples are plotted along the bottom

triangle to represent any correlations among the samples where a negative correlation is shown

between sample a and c along with well distribution between the others. A contour plot is also

represented on the upper diagonal to better show the relationships between the parameters.

Figure 3.4 illustrates the residual error between the DFOS and the thermocouple array

within the flow loop, comparing the prior and posterior parameter estimations. The prior

errors, shown in blue, exhibit larger fluctuations and higher peak deviations, indicating greater

discrepancies between the DFOS measurements and thermocouple readings before calibration.
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Figure 3.2: Auto-correlation plot as a function of lags to show the dependence of each sample
proposition on the previous sample.

Inital Values Posterior Mean Posterior STD MC Error Tau Geweke
θ1 1.569 0.62 6.09E-3 1.67E-4 98.95 1.00
θ2 0.855 0.90 1.08E-3 2.72E-5 49.19 1.00
θ3 22.40 28.52 0.05 1.25E-3 122.94 1.00

Table 3.1: Results obtained through sampling using DRAM to estimate the parameters with
the initial values given alongside the posterior means, standard deviation, error with Monte
Carlo sampling and other metrics.

After applying Bayesian inference with DRAM for parameter calibration, the posterior errors,

shown in orange, demonstrate a noticeable reduction in variability and magnitude, suggesting

improved agreement between the DFOS and thermocouple data. The reduction in residual

error highlights the effectiveness of the DRAM calibration approach in refining the temperature

conversion model and enhancing measurement accuracy. These improvements further validate

the robustness of the Bayesian calibration methodology in minimizing systematic biases and

uncertainties in DFOS-based temperature sensing.

3.2 Importance Ranking

In this case study, there are only 4 co-located axial locations of both the thermocouple and

fiber optic sensors. Thus, reducing the total amount of thermocouples used to validate is trivial
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Figure 3.3: A distribution, correlation plot and contour plot of the parameter propositions as
obtained through DRAM.

to reduce the thermocouple set. However, the SA is performed as a benchmark for the more

intensive case as used in the following Chapter 4 when more co-locations are available.

Using the methodology of correlation coefficients, the Peason and Spearman coefficients

are determined as shown on a bar graph in Figure 3.5. The location of thermocouple 4 has the

correlation for both the Pearson and Spearman indicating that it most influential of a location

for calibration. This is located at the top of the mixing loop after the cool and hot flow are

well-mixed and turbulent flow is achieved.

Using another method of SA, Morris method is applied with results shown in Figure 3.6.

Similar to the results shown from the correlation coefficients method, the location of the

co-location of thermocouple 4 and the fiber optic is the most influential.

Lastly, a comprehensive approach is taken to apply Sobol indices to the measurements,

as shown in Figure 3.7. The location of thermocouple 4 for first and total order indices is

found to be the most influential, aligning with findings from correlation coefficients, where
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Figure 3.4: Residual error between the DFOS and thermocouple array within the flow loop
comparing the prior parameters and the obtained parameters through DRAM for calibration
of the parameters.

TC4 exhibited the strongest correlation with model output, surpassing the influence of TC1

and TC3, which demonstrated relatively lower correlations. Furthermore, second-order Sobol

indices highlight a notable interaction effect between thermocouples 2 and 4, reinforcing the

importance of TC4 in the temperature calibration process. This observation is consistent with

the Morris method results, which indicate that TC4 not only has the largest mean absolute

elementary effect but also the highest standard deviation, suggesting strong non-linearity

and interaction effects. These findings collectively reinforce the significance of TC4 in the

calibration and validation of temperature measurements, and the consistency of these results

across multiple sensitivity analysis techniques—correlation coefficients, the Morris method,

and Sobol indices—further validates the robustness of the assessment, confirming that the

most critical locations for calibration are those positioned at a sufficient distance from the

entry region, where the flow is fully developed.
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Figure 3.5: Pearson and Spearmann correlation coefficients for each of the 4 co-located ther-
mocouple sensors to determine the most important location for calibration purposes.
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Figure 3.6: Results obtained of ∗µ and σ from applying Morris method to the co-located
temperature sensors within the mixing loop.

32



TC
 1

TC
 2

TC
 3

TC
 4

0.0

0.1

0.2

0.3

0.4

0.5

0.6
Total Effects

ST

TC
 1

TC
 2

TC
 3

TC
 4

0.0

0.1

0.2

0.3

0.4

0.5

0.6
First Order Effects

S1

(T
C

 1
, T

C
 2

)

(T
C

 1
, T

C
 3

)

(T
C

 1
, T

C
 4

)

(T
C

 2
, T

C
 3

)

(T
C

 2
, T

C
 4

)

(T
C

 3
, T

C
 4

)

0.08

0.06

0.04

0.02

0.00

0.02

0.04

0.06

0.08
Second Order Effects

S2

Figure 3.7: The total, first, and second order effects for the co-located temperature sensors
within the flow loop.

3.3 Validation

A validation tool is implemented to establish a calibration device for DFOS. Using previous

results, an LSTM autoencoder is employed to generate synthetic distributed fiber optic tem-

perature measurements, which are compared against measured sensor data. The model is

constructed with an input of four nodes corresponding to the thermocouple arrays used in
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the measurements. This configuration is adaptable to accommodate different experimental

setups and sensor distributions. The input data is compressed through a connected hidden

layer to a dimensionality of one via the encoder, effectively reducing noise while preserving

critical temperature patterns. After reaching the bridge, the data is expanded in the decoder to

a dimensionality that matches the gage pitch of the DFOS, which operate on the millimeter

scale, whereas thermocouples are spaced meters apart. This allows the model to infer de-

tailed temperature distributions from a sparse sensor network, creating a higher-resolution

representation of the temperature field.

The neural network training process begins with the dataset being divided into training,

validation, and testing subsets. The first 50% of the data, corresponding to the first 700 seconds

of the experiment, is designated as the training set. To ensure effective training, a validation

set is used to monitor the process and detect potential overfitting. The mean square error is

optimized throughout training, with an incremental RMSE vs. epoch plot shown in Figure 3.8

illustrating the model’s learning progress. The RMSE curve shows a rapid decrease in early

epochs, indicating efficient learning, followed by gradual stabilization, suggesting the model

successfully converges to a reliable state. The validation set ensures that generalization is

maintained, preventing the model from simply memorizing the training data.

Figure 3.8: [Top] RMSE of the training of the LSTM autoencoder for validation of the DFOS
through inputs of the thermocouples where the validation set and training set are denoted to
show efficiency during training. [Bottom] Log RMSE plot to show more more minute changes.
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Following the completion of training, additional analysis is conducted using the testing

set, which consists of the final 600 seconds of measurement data. Thermocouple temperature

readings serve as model inputs, predicting DFOS outputs. Residual errors for the predicted

temperatures at each location are computed after processing through the LSTM autoencoder,

as shown in Figure 3.9. The training data for TC 1 trends toward zero over time, demonstrating

the effectiveness of LSTM neurons in capturing long-term dependencies. Similarly, TC 3 and

TC 4 exhibit stable error reduction, trending toward zero. However, TC 2 deviates further from

the measured value as time progresses, which is likely due to its position immediately before

the mixing tee, where flow dynamics are less predictable, leading to increased temperature

fluctuations and model uncertainty.

Figure 3.9: Residual error between the predicted temperature obtained from the LSTM auto
encoder and measured thermocouple temperature from the flow loop. The training, validation,
and testing set are shown over the test.

Additional comparisons are made between model predictions and fiber temperature mea-

surements, as illustrated in Figure 3.10. With the exception of TC 1, the thermocouple arrays

generally align with the measured values. TC 1 experienced issues during data collection, af-

fecting the sensor’s overall reliability. The testing set reveals a similar pattern, with a noticeable

spike of 1°C error occurring at the 1000-second mark, shown in Figure 3.9. This anomaly is likely

35



due to a transient event during the experiment, where a rapid temperature change occurred

that was not well captured by the thermocouple inputs. However, the model adapts within

approximately 75 seconds, correcting its predictions and maintaining accuracy.

Figure 3.10: Error between the prediction found from the LSTM autoencoder and the temper-
ature measurement from the distributed fiber optic temperature sensors.

Beyond this anomaly, the higher error observed in TC 2 remains consistent with previous

results, reinforcing the influence of mixing flow conditions on sensor performance. This is fur-

ther supported by Figure 2.2, where localized variations in temperature error align with regions

of increased turbulence. The autoencoder’s ability to reconstruct high-resolution distributed

temperature fields from sparse thermocouple inputs provides strong evidence that machine

learning can be effectively applied to fiber optic sensor calibration. Future improvements could

include expanding the input network to incorporate additional thermocouple measurements

or integrating physical constraints to enhance model stability under transient conditions.
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CHAPTER

4

CASE STUDY 2: LIQUID SODIUM THETA

RESULTS

In this chapter, the methodologies developed are applied to the THETA to analyze distributed

temperature sensing in a high-temperature sodium environment. THETA, a liquid sodium test

facility at Argonne National Laboratory, is designed to investigate thermal stratification and

natural circulation phenomena relevant to sodium-cooled fast reactors. Unlike the thermal

mixing system, which utilizes a single co-located thermocouple/DFOS pair, THETA features

three co-located thermocouple and fiber optic sensor locations distributed across the measure-

ment plane. Each co-location contains 20 sensing points in the axial direction, significantly

enhancing spatial resolution and enabling more comprehensive SA. This configuration allows

for the identification of the most influential sensing locations, ultimately reducing the total

number of points required for accurate temperature validation.

This chapter will detail the implementation of machine learning-based approaches, includ-

ing an LSTM autoencoder for reconstructing temperature distributions from sparse multi-point

thermocouple measurements, as previously demonstrated in (Kohler et al. 2023). By leverag-

ing deep learning techniques, particularly LSTM networks, the model captures spatial and

temporal dependencies within the temperature field, improving the accuracy of temperature

prediction and validation in THETA. The use of these methods aligns with recent advancements
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in multimodal learning for temperature reconstruction, where compression-based techniques

have been explored to enhance sparse sensor data, as discussed in (Kohler et al. 2024b,c).

Through this application, the effectiveness of Bayesian inference for calibration and the

integration of homogeneous transfer learning for sensor validation will be demonstrated. The

results provide insights into temperature evolution within THETA during transient conditions,

further supporting the deployment of advanced reactor monitoring techniques. This com-

prehensive approach enhances the reliability of distributed fiber optic temperature sensing,

paving the way for improved reactor diagnostics and predictive modeling in liquid metal-cooled

reactor systems.

4.1 Bayesian Calibration

In this section, the calibration of distributed fiber optic temperature sensors within the THETA

facility is presented. Bayesian inference via the DRAM MCMC algorithm is utilized to establish

the relationship between Rayleigh scattering frequency shifts and temperature. The initial

parameters for the model, θ1, θ2, and θ3, are taken from prior correlation models and refined

through Bayesian updates. The DRAM algorithm was run for 100,000 iterations, with a burn-in

period of 5,000 samples to ensure the chain achieved a well spread. This burn-in period was

determined based on the mixing observed in the trace plots of the samples, where parameter

fluctuations stabilized and began to converge.

The trace plots for the calibration parameters, shown in Figure 4.1, demonstrate the stability

of the DRAM sampling process after the initial burn-in period. These plots indicate sufficient

mixing, with the chains effectively exploring the parameter space. The oscillations in the

samples suggest that the algorithm has adequately captured the uncertainty in each parameter,

ensuring that posterior estimates are reliable and reflective of the underlying system.

To better understand the relationships and independence between the calibration parame-

ters, a pairwise scatterplot matrix of their posterior distributions is shown in figure 4.2. This

matrix combines marginal distributions on the diagonal with off-diagonal pairwise scatter-

plots and density contours. The marginal distributions for θ1, θ2, and θ3 reveal distinct shapes,

indicating that each parameter’s uncertainty has been effectively characterized. Notably, while

θ1 and θ3 exhibit slight correlations, the remaining pairs of parameters appear largely uncor-

related. The density contours and scatterplots confirm that the sampling has explored the

parameter space comprehensively, avoiding narrow or overly restrictive regions.

Autocorrelation plots, shown in figure 4.3 further validate the performance of the DRAM

algorithm. These plots display the autocorrelation of the samples for each parameter as a

function of lag, showing how quickly successive samples become independent. For all three
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Figure 4.1: Chain samples obtained through DRAM methodology from data in THETA.
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Figure 4.2: Distribution from the samples obtained through DRAM with more detail shown in
pair plots in the bottom diagonal and contour plot shown in the upper diagonal.

parameters, autocorrelation decays rapidly within the first 30 lags, demonstrating the efficiency
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of the sampling process and the minimal dependency between samples. This efficiency ensures

that the effective sample size is sufficiently large, allowing for robust parameter estimation and

uncertainty quantification.
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Figure 4.3: Autocorrelation plot of the estimated parameters in the calibration curve of the
distriubted fiber optic sensors in THETA.

The calibration methodology effectively reduces discrepancies between the modeled and

measured temperature values, with detailed findings summarized in Table 4.1. This table in-

cludes posterior means, standard deviations, and other diagnostic statistics such as Monte

Carlo error and Geweke convergence scores, confirming the reliability of the calibration pro-

cess. By employing the DRAM approach, the calibration achieves improved accuracy in the

conversion of Rayleigh scattering signals to temperature values, providing a solid foundation

for SA and further refinement of the system. The use of 100,000 samples with a burn-in of

5,000 ensures that the posterior distributions are well-characterized, supporting the robust

deployment of DFOS in the THETA facility.
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Initial Values Posterior Mean Posterior STD MC Error Tau Geweke
θ1 1.569 0.856 2.22E-4 1.38E-5 3.169 1.00
θ2 0.855 0.802 2.20E-5 2.76E-6 25.20 1.00
θ3 22.40 27.25 0.179 2.62E-2 139.4 1.00

Table 4.1: Parameter estimates derived from DRAM sampling, comparing initial values with
posterior means, standard deviations, Monte Carlo sampling error, and additional statistical
metrics.

4.2 Importance Ranking

Sensitivity analysis was conducted to identify the most critical thermocouple locations and

optimize sensor placement for future applications. The analysis utilized cumulative explained

variance, PCC, SRCC, the Morris method, and Sobol indices to evaluate the importance of each

thermocouple.

Figure 4.4 presents the cumulative explained variance for the thermocouple array, provid-

ing a comprehensive view of the contribution of thermocouples to the overall variance. The

plot indicates that the variance captured by the thermocouple array increases rapidly with

the first few sensors, with two to three thermocouples capturing approximately 98% of the

variance. Beyond this point, the curve flattens significantly, indicating diminishing returns for

additional sensors. This finding suggests that only a few strategically placed thermocouples

are necessary for accurate validation, reducing the need for a dense sensor array and enabling

a more streamlined setup. These results not only improve the efficiency of sensor placement

but also provide insight into the most information-rich locations within the system.

Figure 4.5 shows the PCC and SRCC values for each thermocouple, which assess the sensi-

tivity of each location to flow dynamics. The thermocouples at lower indices exhibit the highest

correlation coefficients for both PCC and SRCC, emphasizing their importance in capturing

reliable and representative flow behavior. These regions, typically located closer to the inlet, are

characterized by more stable temperature gradients and less turbulent flow, resulting in higher

certainty in measurements. The gradual decline in correlation coefficients with increasing

thermocouple index reflects the reduced sensitivity in regions with greater turbulence and

thermal mixing. The consistent agreement between PCC and SRCC across all thermocouples

reinforces the reliability of these findings and underscores the robustness of these metrics in

assessing sensor importance.

Figure 4.6 illustrates the Morris method results, highlighting the mean absolute effect (µ∗)

and its associated variability for each thermocouple. This method provides a quantitative mea-

sure of each sensor’s influence on the model. Thermocouples at lower indices consistently show
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Figure 4.4: Cumulative explained variance of the thermocouple sensors necessary to have an
accurate display of the axial range to reduce the total input size.
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Figure 4.5: Peason and Spearmann correlation for each of the co-located sensors at 20 different
axial locations.

the highest µ∗ values, confirming their critical role in capturing essential flow characteristics.

To enhance clarity, the standard deviation of the samples was scaled by a factor of 1,000, as the

actual values were very small. This adjustment makes the variability more visually apparent

and emphasizes the stability of the results. The declining µ∗ values for thermocouples with

higher indices further validate the reduced impact of these sensors on model accuracy. The

combination of high µ∗ values and low variability for the most critical sensors suggests that

future sensor configurations can be optimized by focusing on these key locations.
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Figure 4.6: Morris method results at 3 different locations for the co-located sensors with each
of the axial location denoted. Due to the low standard deviation of obtained from the method,
a scale of 1000 is applied to show the magnitude.

The combination of these analyses highlights the potential to reduce the number of ther-

mocouples required without compromising accuracy or reliability. By strategically selecting

thermocouples based on their cumulative explained variance, correlation coefficients, and

mean absolute effect, it is possible to achieve a cost-effective and efficient sensor configuration

that maintains high data quality. The results from these SA provide a strategy for optimizing

thermocouple placement. The clear patterns observed in the cumulative variance, correlation

coefficients, and Morris method metrics show the value of focusing on a subset of thermocou-

ples that provide the most significant information.
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Figure 4.7: The first and total effects obtained from Sobol indices at the different locations for
the co-located sensors.
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4.3 Validation

To validate the system, an LSTM autoencoder was employed to predict temperature distribu-

tions based on input data from distributed thermocouple and fiber optic sensors. The model

was trained using data from two out of the three co-locations, while the remaining co-location

was reserved as the testing set to evaluate generalization. A 10% validation split was used during

training to monitor performance and ensure the model did not overfit the training data. Results

from the training are shown to converge towards a lower error over epochs as represented in

Figure 4.8. The autoencoder was designed with an input size of 20, representing the thermo-

couples, and an output size of 520 to match the spatial resolution of the fiber optic sensors.

It encodes the data into a latent space of size 2, capturing the critical variability identified by

the cumulative explained variance plot, and then reconstructs the data back to the 520-point

resolution to align with the fiber optics.

T1 & F1 T1 & F3 T2 & T3

Figure 4.8: A detailed diagram showing results from the training loss with the validation loss
also shown when training on 2 of the 3 co-located sensors.

The training setup and results are visualized in Figure 4.9, where the top row illustrates

the experimental setup for each training scenario. Each configuration highlights the specific

co-location pairs used for training, with the remaining co-location designated for testing.

Below each schematic, the RMSE loss curves for both training and validation sets are plotted as
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functions of epochs. These plots demonstrate a rapid decline in loss during the initial epochs,

with both curves stabilizing at low values. This indicates that the model effectively learns the

underlying patterns from the training data while avoiding overfitting. The consistently low

validation loss across all scenarios reflects the model’s ability to generalize well to unseen

testing data.

Trained on
Pairs T2/F2 & T3/F3

Prediction T1/F1

Trained on
Pairs T1/F1 & T3/F3

Prediction T2/F2

Trained on
Pairs T1/F1 & T2/F2

Prediction T3/F3
Distribution of Error

Interpolation Distribution of Error

Density Distribution of Prediction Error

Figure 4.9: Comprehensive diagram of the error obtained when comparing the predicted
temperature data and the measured DFOS. The top plots show the error over the 520 axial
sensing location. A comparison is shown between predicting the temperature when using
interpolation methods. A density distribution of the residual is shown in the bottom row of the
figure.
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The quantitative results of the training are summarized in Table 4.2, which lists the total

training time and final RMSE values for each co-location pairing. All RMSE values are below

0.01°C, with minimal standard deviations, highlighting the model’s precision. For instance,

the pairing of T1 and T3 achieves an RMSE of 0.00956◦C with a standard deviation of 0.0139◦C.

While the training times vary slightly between configurations due to computational differences,

they all remain efficient, with times ranging from approximately 944 to 1,302 seconds. These

results confirm the autoencoder’s ability to efficiently and accurately map low-dimensional

thermocouple data to high-resolution fiber optic outputs.

T1 & T2 T1 & T3 T2 & T3
Training Time [s] 1052 944 1302
RMSE ± STD [◦C] 0.00992 ± 0.0151 0.00956 ± 0.0139 0.00998 ± 0.0144

Table 4.2: The total training time on the LSTM autoencoder by running on an M1 Apple chip
with the ending RMSE.

Further analysis of the model’s performance is provided in Table 4.3, which compares the

prediction errors across co-locations for various training configurations. The results show

consistently low errors for most setups. The errors are significantly lower than those produced

by traditional interpolation methods, such as spline fitting, as seen in the final column. For

example, training on T1/F1 and T3/F3 to predict T2/F2 achieves an error of -0.00531± 0.1845◦C,

which is an order of magnitude smaller than the corresponding spline error. This demonstrates

the superiority of the LSTM autoencoder in handling complex, nonlinear relationships in the

data.

The distribution of prediction errors is explored in Figure 4.9, which includes spatial-

temporal heatmaps, interpolation distributions, and density plots of the errors. The spatial-

temporal heatmaps show the error distributions for each co-location prediction over time

and distance. These heatmaps reveal uniformly low errors across the tested regions, with no

significant spatial or temporal bias. The interpolation distributions provide additional insight

into the model’s accuracy when reconstructing data within the gaps between training loca-

tions. The density plots of prediction errors confirm a well-centered normal distribution with

minimal spread, indicating high consistency and reliability in the model’s predictions.
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Error in LSTM Autoencoder [◦C]
Prediction Trained on

T2/F2 & T3/F3
Trained on

T1/F1& T3/F3
Trained on

T1/F1& T2/F2
Spline Error [◦C]

T1/F1 0.02727 ± 0.6386 0.00064 ± 0.1932 -0.00662 ± 0.1930 1.89480 ± 0.6443
T2/F2 0.06133 ± 0.2179 -0.51993 ± 0.7712 -0.00531 ± 0.1845 1.01923 ± 0.4491
T3/F3 0.24188 ± 0.7922 0.00080 ± 0.2078 0.12794 ± 0.5822 1.65290 ± 0.8095

Table 4.3: Error metrics in °C for predictions using an LSTM Autoencoder trained on different
data combinations, compared against spline interpolation errors. Spline interpolation errors
are included as a reference for comparison.

Overall, the LSTM autoencoder demonstrates exceptional performance in reconstructing

high-resolution temperature distributions from low-dimensional thermocouple data. By encod-

ing critical variability into a compact latent space and efficiently reconstructing to fiber optic

resolution, the model achieves high accuracy, efficient training, and generalization. The low

RMSE values, minimal prediction errors, and consistent spatial-temporal accuracy highlight

the autoencoder’s effectiveness as a tool for temperature profiling in complex systems. These

findings validate the methodology and suggest significant potential for future applications

where accurate, high-resolution data reconstruction is required.
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CHAPTER

5

CONCLUSIONS

5.1 Summary of Results

The study investigated the application of Bayesian inference and sensitivity analysis for cal-

ibrating distributed fiber optic sensors (DFOS) in a high-temperature reactor environment,

through the use of machine learning techniques to enhance predictive accuracy. By incorpo-

rating prior knowledge with experimental data, Bayesian inference significantly improved the

accuracy of DFOS temperature readings, reducing the mean absolute error and strengthening

the correlation between DFOS and reference thermocouples. The results showed that lower-

temperature areas were the most indicative for accurate prediction locations, suggesting that

temperature gradients play a crucial role in determining calibration accuracy. Residual differ-

ences between thermocouple and DFOS readings demonstrated that the largest improvements

occurred in the lowest temperature segments, where prior temperature estimation errors were

more pronounced.

Sensitivity analysis using Pearson and Spearman correlation coefficients confirmed a strong

linear relationship between specific calibration parameters and temperature output, while

Sobol’ indices highlighted the most influential sensor locations contributing to measurement

accuracy. The Morris screening method further identified key measurement locations that

significantly affected overall model sensitivity. The experimental data demonstrated that the
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thermocouple located downstream of the mixing zone had the highest sensitivity indices,

emphasizing the importance of precise calibration in this region to ensure accurate model

outputs. The calibration process utilized Bayesian inference through the Delayed Rejection

Adaptive Metropolis (DRAM) algorithm, which efficiently refined the temperature conversion

model. The posterior distribution obtained from experimental data indicated parameter val-

ues converging to optimal estimates, with the Bayesian calibration reducing uncertainty in

parameter selection by over 50% compared to the initial prior estimates.

Additionally, a LSTM autoencoder was successfully trained to predict optical fiber temper-

ature readings using co-located thermocouples. The model exhibited strong generalization

capabilities, reducing prediction uncertainty while maintaining high spatial resolution. Perfor-

mance metrics showed that the LSTM model achieved a maximum prediction error of -0.51993

± 0.7712◦C compared with other methods, finding the smallest error at 1.01923 ± 0.4491◦C,

confirming its reliability in reconstructing temperature profiles. The use of Principal Com-

ponent Analysis (PCA) also determined the optimal number of thermocouples necessary for

accurate temperature field reconstruction, demonstrating that over 99% of total variance could

be retained using just three sensors strategically placed in high-impact regions.

From a computational standpoint, Bayesian calibration using the DRAM algorithm im-

proved efficiency, converging faster with reduced computational time compared to traditional

Monte Carlo methods. The MCMC chain analysis indicated rapid convergence with minimal

autocorrelation, suggesting an efficient sampling process. The LSTM model required approxi-

mately 100 epochs for training, achieving a stable loss function with consistent predictions

across different test cases. These results confirm the feasibility of using Bayesian inference,

sensitivity analysis, and machine learning models for accurate and efficient validation of DFOS

temperature measurements in advanced reactor systems, offering a robust framework for

enhancing thermal-hydraulic monitoring and sensor reliability in high-temperature environ-

ments.

5.2 Conclusions

This study demonstrates the effectiveness of integrating Bayesian inference, sensitivity analysis,

and machine learning techniques for the calibration and validation of distributed fiber optic

sensors (DFOS) in high-temperature reactor environments. The results confirm that Bayesian

calibration significantly enhances the accuracy of DFOS temperature measurements by incor-

porating prior knowledge and experimental data, reducing overall uncertainty in temperature

predictions. Sensitivity analysis identified key locations along the optical fiber where calibra-

tion had the greatest impact, emphasizing that lower-temperature regions provided the most
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reliable indicators for model refinement. The analysis further revealed that calibration param-

eters were most sensitive in areas experiencing significant thermal gradients, highlighting the

importance of precise sensor placement and validation techniques.

The implementation of a Long Short-Term Memory (LSTM) autoencoder further validated

the effectiveness of machine learning for reconstructing temperature profiles, reducing predic-

tion errors and improving spatial resolution. The model’s ability to generalize across varying

conditions while maintaining a low mean absolute error underscores its potential for real-time

monitoring applications in advanced reactor systems. Additionally, the Delayed Rejection

Adaptive Metropolis (DRAM) algorithm efficiently refined calibration parameters, demonstrat-

ing improved convergence rates and computational efficiency over traditional Monte Carlo

methods.

A key conclusion from this research is that a combination of physics-informed Bayesian

inference and data-driven machine learning methods can substantially improve temperature

monitoring in nuclear reactor environments. The findings suggest that future sensor calibration

efforts should prioritize regions with high sensitivity to temperature variations and incorporate

adaptive methodologies to refine parameter selection dynamically. The successful integration

of these techniques provides a scalable and efficient framework for improving sensor accuracy,

reducing operational uncertainty, and enhancing the reliability of temperature measurements

in next-generation reactor systems.

5.3 Future Work

Building upon the advancements in Bayesian inference, machine learning, and uncertainty

quantification demonstrated in this study, future research will explore new methodologies to

further enhance the validation and calibration of distributed fiber optic sensors (DFOS) in high-

temperature reactor environments. One promising direction is the application of different

neural network architectures beyond the Long Short-Term Memory (LSTM) autoencoder

used in this work. Investigating the use of Transformer-based models, convolutional neural

networks (CNNs), and graph neural networks (GNNs) could provide improved spatial-temporal

accuracy for reconstructing temperature fields. Transformers, in particular, have demonstrated

strong performance in sequence modeling and could be leveraged to capture long-range

dependencies in temperature variations. Hybrid models that combine CNNs for spatial feature

extraction with LSTMs for temporal dynamics could also enhance prediction fidelity.

In addition to expanding machine learning techniques, future work will compare different

Bayesian inference methods to assess their performance relative to the Delayed Rejection Adap-

tive Metropolis (DRAM) algorithm. Alternative Markov Chain Monte Carlo (MCMC) methods,
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such as Hamiltonian Monte Carlo (HMC) and Sequential Monte Carlo (SMC), will be evaluated

for their efficiency in calibrating DFOS data. HMC, which incorporates gradient information to

improve sampling efficiency, may offer faster convergence compared to DRAM, particularly in

high-dimensional parameter spaces. Variational inference (VI), an alternative to MCMC, could

also be explored for its computational advantages in approximating posterior distributions

with complex priors.

Uncertainty quantification (UQ) will be another critical focus, as improving confidence in

temperature predictions is essential for practical reactor applications. Beyond Sobol’ indices

and Morris screening, future research will incorporate Gaussian process regression (GPR) for

modeling uncertainty in temperature reconstructions. The use of Bayesian neural networks

(BNNs) will be investigated as a means of propagating uncertainty through the machine learn-

ing model itself, providing probabilistic estimates of sensor validation accuracy. Additionally,

information-theoretic approaches, such as mutual information-based UQ methods, could be

employed to optimize sensor placement by maximizing the expected information gain from

calibration experiments.

A particularly exciting avenue is the integration of reinforcement learning (RL) to enhance

sensor calibration and validation. RL-based frameworks could dynamically adjust Bayesian

inference models and machine learning algorithms based on real-time data acquisition, opti-

mizing the calibration process adaptively. This approach could be particularly beneficial for

automated reactor monitoring systems, where RL agents can learn optimal sampling strategies

to reduce experimental uncertainty while minimizing computational costs. Combining RL

with active learning techniques would enable an intelligent system that prioritizes the most

informative sensor data, improving the overall efficiency of temperature field reconstruction.

Future experimental work will also expand validation efforts by incorporating additional

reactor configurations and thermal-hydraulic conditions. Testing DFOS calibration methods

under transient scenarios, including rapid heating and cooling cycles, will help evaluate the

adaptability of Bayesian inference and machine learning techniques in dynamic environments.

Further, applying these methodologies to more complex reactor geometries, such as liquid-

metal-cooled fast reactors and molten salt reactors, will provide insights into their applicability

for next-generation nuclear systems.

The ultimate goal of these future efforts is to develop a robust, adaptive framework that

integrates Bayesian inference, deep learning, and reinforcement learning for real-time DFOS

calibration and validation. By leveraging a diverse set of inference techniques and neural

network architectures, these advancements will enhance sensor reliability, reduce operational

uncertainty, and optimize temperature monitoring strategies for advanced nuclear reactors.
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APPENDIX

A

LIST OF ACRONYMS

A summary of all acronyms is documented in Table A.1.

Table A.1: A summary of acronyms used in alphabetical order.

Acronym Abbreviation

Autocorrelation Function ACF

Artificial Neural Network ANN

Boiling Water Reactor BWR

Computational Fluid Dynamics CFD

Convolutional Neural Network CNN

Distributed Fiber Optic Sensors DFOS

Delayed Rejection Adaptive Metropolis DRAM

Distributed Temperature Sensing DTS

Electrical Engineering EE

Gallons Per Minute GPM

Global Sensitivity Analysis GSA

Intermediate Heat Exchanger IHX

Inverse Uncertainty Quantification IUQ

Local Sensitivity Analysis LSA
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Long Short-Term Memory LSTM

Markov Chain Monte Carlo MCMC

Mechanisms Engineering Test Loop METL

Molten Salt Cooled Reactor MSCR

Operations and Maintenance O&M

Principal Component Correlation PCC

Pressurized Water Reactor PWR

Rectified Linear Unit ReLU

Recurrent Neural Network RNN

Sensitivity Analysis SA

Sodium Fast Reactor SFR

Spearman Rank Correlation Coefficient SRCC

Temperature Coefficient TC

Thermal Hydraulic Experimental Test Article THETA

Uncertainty Quantification UQ

Variational Autoencoder VAE
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APPENDIX

B

LIST OF SYMBOLS AND VARIABLES

A summary of all variables is documented in Table B.1.

Table B.1: A summary of common meteorological variables and their abbreviations in alpha-
betical order.

Variable Abbreviation

Bayesian inference normalization factor Z

Calibration coefficient related to frequency shift scaling a (θ1)

Covariance matrix of posterior distribution Σ

Estimated temperature from DFOS calibration equation T

Exponent term defining the nonlinear response b (θ2)

Input feature set for machine learning model X

Long Short-Term Memory neural network model LST M

Markov Chain Monte Carlo (MCMC) sample count N

Measured frequency shift from Rayleigh scattering DFOS S

Mean of posterior distribution for calibration parameters µ

Number of training dataset samples for machine learning model D
Offset term for temperature correction c (θ3)

Pearson Correlation Coefficient (linear dependence) P C C
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Predicted output from machine learning model Y

Probability density function for Bayesian inference p

Root Mean Square Error (RMSE) used as evaluation metric R M S E

Sensitivity analysis via variance decomposition (Sobol’) So b o l ′

Spearman Rank Correlation Coefficient (monotonic dependence) SR C C

Standard deviation of measurement noise σ

Surrogate model function for temperature prediction f (X ,θ )

Time index for sequential data in LSTM network t

Weight vector for neural network parameters ω
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