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In nuclear energy systems, the integration of computational and interpretable data-driven

models is essential for ensuring the safe and efficient operation of reactors and subsystems.

These models leverage real-time sensor data to reconstruct critical variables such as tem-

perature, pressure, and velocity, enabling precise monitoring, control, and optimization. By

minimizing the need for costly physical experiments, computational models allow virtual

testing of designs and operational strategies while addressing uncertainties and enhancing

subsystem performance. Coupled with data-driven methodologies, they form the backbone

of modern nuclear engineering, facilitating real-time decision-making and ensuring robust,

reliable, and efficient system operations.

Accurate reconstruction and monitoring in nuclear systems face challenges due to sen-

sor noise and the impracticality of deploying extensive sensor arrays in harsh environments.

This work addresses these limitations by introducing a data-driven framework for spatially

constrained sensor placement, designed to minimize reconstruction errors and quantify noise-

induced uncertainties. Using a greedy optimization algorithm, this approach ensures physi-

cally feasible configurations while maintaining high-fidelity reconstructions. These advance-

ments are applied to critical scenarios, including fuel irradiation experiments, nuclear fuel

test rod models, and steam generator subsystems, laying the groundwork for creating reliable

and interpretable models for nuclear power plants (NPPs).



This work further explores the effects of power transients on reactor core coolant dynam-

ics, developing frameworks that adapt sensor placement and sampling intervals to changing

operational states. The integration of classification tools like Linear Discriminant Analysis

(LDA) with DMDc enables precise identification of transient regimes, ensuring robust mon-

itoring and control. These contributions extend beyond individual subsystems, enabling the

development of comprehensive digital twins for entire NPPs. By addressing noise, spatial

constraints, power perturbations and transient conditions, this work establishes a foundation

for advanced monitoring and control in nuclear systems. The proposed frameworks enable

proactive decision-making, enhance safety, and improve operational efficiency, contributing

to a new standard for intelligent, data-driven engineering solutions in the nuclear industry.
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Chapter 1

INTRODUCTION

Sensor placement and reduced-order modeling (ROM) are critical for efficient monitor-

ing, control, and decision-making in modern engineering systems. Optimal sensor placement

ensures accurate, real-time tracking of key system variables with minimal hardware, while

ROMs reduce computational complexity by approximating high-fidelity models with low-

dimensional surrogates. Together, these techniques enable cost-effective, real-time system

analysis and control. Their importance is magnified in nuclear engineering, where direct

measurement of critical variables like reactor core temperature, coolant flow, and neutron

flux is constrained by extreme conditions, limited sensor access, and safety requirements.

This work develops scalable sensor placement methods for spatially constrained systems in

both steady and transient regimes, incorporating uncertainty estimation from noisy sensor

measurements to advance the digital twin paradigm in nuclear systems. This chapter first

motivates the need for optimally placed sensors informed by data-driven reduced-order mod-

els (ROMs) within nuclear applications, and, then outlines the contributions of this work.

1.1 Motivation

Nuclear power plants (NPPs) are intricate networks of interdependent subsystems, struc-

tures, and components such as the fuel, control rods, moderators, coolants, pressurizers, heat

exchangers, steam generators, and condensers. Nuclear power is inherently safety-critical,

with reactor commissioning requiring rigorous testing and strict regulatory approval to en-

sure compliance with the highest safety standards. While non-safety system failures have

minimal impact, malfunctions in critical systems can escalate if not contained. Achieving
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safe, optimal performance requires a comprehensive understanding of the plant’s nonlinear

dynamic behavior, remote monitoring, condition based maintenance, and real-time control

via data streamed from physical processes, especially in advanced reactors e.g., microreac-

tors, fission batteries, small modular reactors, and integrated energy systems. Furthermore,

extreme operating conditions, high costs, limited accessibility and safety regulations, all

impose significant constraints on real-world experimentation.

Modeling and simulation play a critical role in overcoming the limitations of real-world

experimentation throughout the nuclear reactor lifecycle. From early design to decommis-

sioning, computational models such as computer aided (CAD) drawings, computational fluid

dynamics (CFD), structural finite element analysis (FEA), and multi-physics coupling en-

able the analysis of complex phenomena that physical prototypes cannot replicate. Dynamic

system control, driven by these models, stabilizes operations and reduces risks by adjusting

actuators based on sensor data to maintain key process variables within setpoints [1]. These

simulations support failure analysis, inform safety protocols, and enhance efficiency, safety,

and decision-making at every stage.

Physics-based simulations are too slow for real-time predictive maintenance, decision-

making, control, and risk assessment. Fortunately, the behaviors exhibited by many complex

physical systems, including neutronics, fluid flows, and structural mechanics, are dominated

by coherent spatiotemporal patterns. By leveraging the natural low-dimensional patterns in

these systems, high-dimensional, multi-physics simulations can train reduced-order models

(ROMs) that capture essential system behavior with minimal computational effort. Further-

more, data from the entire product lifecycle is invaluable in augmenting these physics-based

simulations, enabling the training of ROMs on both simulation outputs and real-world data.

This highlights the critical role of data-driven techniques in bridging the gap between sim-

ulation and reality, enhancing predictive accuracy and supporting efficient decision-making.

These accurate and computationally efficient models of physical systems enable critical engi-

neering and scientific tasks, including forecasting system behavior, real-time state estimation

using sensor data, control and decision-making to achieve specific objectives, solving inverse
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problems to determine unknown parameters, optimizing system design for performance im-

provement, and identifying essential system measurements required for these tasks [2].

A digital twin of a nuclear application is a high-fidelity, virtual representation of a nu-

clear system or process that integrates real-time data, physics-based models, and data-driven

algorithms to simulate, monitor, predict, and optimize its behavior throughout its lifecycle.

Reduced-order models (ROMs) power the digital twin paradigm by creating computation-

ally efficient virtual replicas of physical systems, enabling real-time sensor data integration

for predictive maintenance, operational optimization, and risk assessment. Two-way com-

munication between digital twins and physical systems relies on sensor data to monitor

key fields like reactor core temperature, coolant levels, and steam generator pressure. This

data enables real-time control, anomaly detection, and accident response. Achieving a fully

functional digital twin requires accurate, real-time sensor input to compare with reduced-

order models (ROMs) for diagnostic insights. However, in nuclear systems, sensor capacity

and real-time data streaming are often limited, especially for critical process variables like

neutron distribution, pressure, and power fields, posing a significant challenge to real-time

monitoring and control.

In general, sensor placement optimization is NP-hard and cannot be solved in polynomial

time. There are
(
n
p

)
= n!/((n − p)!p!) possible combinations of choosing p sensors from an

n-dimensional state. Optimal sensor placement approaches typically optimize an objective,

such as information criteria [3, 4], over feasible sets of sensor configurations, framing sensor

placement as a submodular selection problem [5]. Such problems can be efficiently optimized

for hundreds or thousands of candidate locations using convex [4, 6] or greedy submodular

optimization approaches [5]. Sensor placement in linear time-invariant systems have been op-

timized using gradient descent methods with similar computational complexity [7]. However,

modern nuclear and fluid simulations have millions of grid points, making such techniques

computationally intractable. Leveraging ROMs to optimize sensor placement, by exploiting

low-dimensional patterns in data, drastically reduces the number of sensors required for ac-

curate reconstruction of full fields [8, 9, 10, 11, 12]. Empirical ROM interpolation methods
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have been successfully adapted for optimizing sensor placement to minimize reconstruction

error [13, 14, 15], including under greedy cost constraints [16]. However, these methods do

not admit hard constraints within reactors or predict reconstruction uncertainty under a

given sensor configuration with measurement noise.

Existing heuristics are increasingly unable to address the complex constraints and re-

quirements of sensor placement in nuclear systems. These constraints include restrictions on

the regions where sensors can be placed, minimum allowable distances between sensors, and

accommodating pre-existing sensor placements. Additionally, understanding sensor noise

levels and the resulting estimation errors is crucial for reliable system monitoring. If input

perturbations cause changes in measurable quantities, it becomes essential to identify these

perturbations using only sensor readings and to select sensor configurations that capture

and reconstruct system behavior accurately across all such perturbations. In this thesis,

we develop scalable, efficient, and data-driven sensor placement algorithms that incorporate

these constraints while leveraging compressive dimension reduction and matrix factorization

techniques to optimize sensor locations and performance. These methods address the lim-

itations of downsampled domain discretizations by preserving localized dynamics and fully

utilizing the available data.

1.2 Contributions

This thesis explores reduced order models and sensor placement in spatially constrained

settings for nuclear energy systems. Optimal point sensors are discovered using the singular

value decomposition and matrix QR pivoting trained on computational models and data. An

overview of our proposed approach, which determines optimal sensor placements efficiently

by leveraging dimensionality reduction of data, is given in Figure 1.1. This figure illustrates

one of the central examples explored in this thesis: a fuel test prototype, which simulates

the interaction between coolant flow and a fuel element. Interactions between the nuclear

fuel element and the coolant, particularly under conditions where the coolant boils or fails

to adequately remove heat, can lead to catastrophic outcomes, as seen in some of the worst
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nuclear accidents caused by overheating, core damage, and radioactive release. It is vital to

analyze the gravity-driven advection of the coolant to study heat transfer through the capsule

and avoid nucleate boiling through optimized sensor locations. For safety and practicality,

an electric heating element is used in this setup, as testing nuclear fuel interactions with the

coolant would pose significant safety risks and violate regulatory standards.

Figure 1.1: This work leverages dimensionality reduction techniques on high-dimensional

data to efficiently optimize sensor placement in the presence of spatial constraints for signal

reconstruction, estimation, and control. This figure illustrates the sensor placement on a fuel

test prototype designed to simulate the interaction between coolant flow and a fuel element

where at most one sensor is allowed in the fuel region. (adapted with permission from [13])

In Chapter 2, we delve into the critical role of computational models in the nuclear

industry, particularly for simulating safety-critical systems such as the coolant-fuel inter-

actions described earlier. The chapter also introduces advanced methodologies, including

data-driven reduced-order modeling for high-dimensional nuclear datasets, innovative sens-

ing techniques, digital twin frameworks, and approaches for uncertainty estimation, all aimed

at enhancing the accuracy and reliability of these simulations. Chapter 3 presents our data-

driven optimization approach for sensor placement in the fuel test prototype, addressing

spatial constraints such as restricted sensor regions, minimum sensor proximities, and pre-

existing placements. The fuel test prototype is electrically heated to emulate the neutronic
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effect of nuclear fuel and supports transient loss-of-coolant accident simulations, aiding qual-

ification of an identical rig at Idaho National Laboratory (INL). This chapter introduces

a sensor placement strategy based on modal decomposition and D-optimal design criteria,

optimizing reconstruction accuracy and uncertainty under noisy measurements. Empirical

and theoretical validation demonstrates near-optimal performance compared to exhaustive

enumeration for low-dimensional systems. Applied to high-dimensional scenarios, including

2D heat diffusion and the fuel test prototypes temperature fields with up to 40,510 candidate

locations, the optimized sensor configurations achieve superior accuracy and uncertainty es-

timation compared to random placements, ensuring robust performance under spatial and

measurement constraints.

Chapter 4 expands the application of constrained sensor placement algorithms to the

entire nuclear power plant (NPP), addressing component-specific constraints across fuel cap-

sules, fuel rods, and steam generators. The developed approach optimizes sensor layouts for

multiple fields of interest while adhering to spatial and operational limitations inherent to

each subsystem. This chapter demonstrates the methodology using computational models of

NPP subsystems. For steam generators, constrained sensor layouts derived from 1D simula-

tions achieve high accuracy in capturing multiple fields of interest and provide interpretable

models for boiling regime analysis. In 3D CFD simulations, temperature variations due to

changing primary coolant mass flow rates are reconstructed using thermocouples placed on

the shell and a single instrumented tube. For nuclear fuel irradiation experiments, sensors po-

sitioned on the graphite holder outside the fuel accurately reconstruct internal temperatures

with minimal uncertainty. Similarly, during accident scenario testing of fuel rods, the ap-

proach captures transient temperature variations while restricting sensors to regions outside

the heater adjacent area. By placing the minimal number of sensors in critical or obstruc-

tive locations, such as nuclear fuel regions or steam generator tubes, the method achieves

accurate reconstructions with as few as three intrusive sensors. These optimized layouts min-

imize reconstruction errors, provide statistical bounds for noise-induced uncertainties, and

are demonstrated to be invaluable for safety analysis, licensing, accident scenario testing,
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and reliability analysis across high-dimensional NPP applications.

Chapter 5 focuses on advancing our methodology to improve reconstruction accuracy

under transient conditions, classification of transient regimes and power perturbations, ad-

dressing critical challenges in dynamic and complex systems. We address the effects of power

transients on reactor core coolant temperature. Leveraging reduced-order models (ROMs),

including dynamic mode decomposition with control (DMDc), we have uncovered the under-

lying dynamics of power perturbations of the nuclear fuel rod. Our methodology adapts to

transient conditions by optimizing sensor locations and sampling intervals. This approach

has revealed the influence of various ROMs on sensor placement and flow reconstruction

performance. Integrating techniques such as linear discriminant analysis (LDA) and DMDc

has enabled classification of transient regimes, ensuring accurate monitoring of dynamic

operational states.

The work presented in Chapters 3, 4 of this thesis have resulted in the following peer-

reviewed publications. The majority of textual and visual content in these chapters are

reproduced with permission from these manuscripts:

Karnik N, Abdo MG, Estrada-Perez CE, Yoo JS, Cogliati JJ, Skifton RS, Calderoni

P, Brunton SL, Manohar K. Constrained optimization of sensor placement for nuclear

digital twins. IEEE Sensors Journal. 2024 Feb 28.

Karnik N, Wang C, Bhowmik PK, Cogliati JJ, Balderrama Prieto SA, Xing C, Klishin

AA, Skifton R, Moussaoui M, Folsom CP, Palmer JJ., Sabharwall P, Manohar K, Abdo

MG, Leveraging Optimal Sparse Sensor Placement to Aggregate a Network of Digital

Twins for Nuclear Subsystems. Energies (19961073). 2024 Jul 1;17(13).

The thesis concludes by outlining promising future research directions, including the

investigation of nonlinear sensor measurement scenarios where variance-based optimization

methods may prove inadequate, and the extension of these methodologies to enable real-time

control of digital twin systems.
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Chapter 2

BACKGROUND ON DATA-DRIVEN SENSING

Computational and reduced-order models (ROMs) are essential in nuclear subsystem

analysis and design due to their ability to handle complex, nonlinear, multiphysics phenom-

ena while maintaining computational efficiency. These models enable detailed simulations

for predictive analysis, design optimization, and safety assessment, significantly reducing

the need for costly and time-consuming physical experiments. Given the stringent safety

constraints in nuclear systems, computational models are often the only viable approach

for analyzing operations and accident scenarios, as real-world testing of failures or acci-

dents is impractical and hazardous. Integration of sensor data with computational models

enhances testing fidelity and enables predictive maintenance, allowing for preemptive ac-

tion before faults escalate. Furthermore, sensor-informed modeling ensures precise reliability

assessments and supports regulatory compliance by providing detailed, data-backed safety

evaluations. To capture accurate data to validate models, monitor system health, and detect

anomalies early, it is critical to optimize senor locations. In the following sections we examine

reduced-order models, sensing techniques, and nuclear digital twins.

2.1 Data-Driven Reduced Order Modeling

High-dimensional systems, such as those in fluid dynamics, epidemiology, neuroscience, and

power grids, often exhibit dominant coherent structures that evolve on low-dimensional at-

tractors. A reduced-order model (ROM) is a simplified mathematical representation of these

complex, high-fidelity systems that retain its essential dynamics and key features while sig-

nificantly reducing computational complexity. In today’s world, vast amounts of data are

generated from fluid, thermal, and nuclear models, simulations and experiments even before
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a system is physically realized. In a data-driven approach, these high-fidelity models are used

to identify or learn the underlying dynamics that forms the basis for reduced-order models,

enabling efficient representation and analysis of the system’s behavior. ROMs are power-

ful tools for design optimization, control, multiphysics and multiscale modeling, parameter

estimation and uncertainty quantification. The success of modern machine learning largely

hinges on identifying and leveraging patterns and features within high-dimensional data, of-

ten building on reduced-order models (ROMs) to efficiently extract essential dynamics and

enable scalable, data-driven insights for complex systems.

Reduced-order models (ROMs) are also key enablers of digital twins that compress high-

fidelity, high-dimensional simulations into low-dimensional surrogate models with fewer de-

grees of freedom, significantly reducing computational burden while still capturing the char-

acteristics of the relevant process [17, 18]. Nuclear applications require this ability to accu-

rately simulate high-dimensional fields with minimal computational resources and without

the complexity of full-order models [19, 20]. Projection-based ROMs, which represent high-

fidelity physics using low-rank/data-driven modal decompositions, have been widely adopted

for modeling fluids and turbulence [21, 22, 23, 24, 25] and nuclear core composition [26, 27,

28]. Such modal decompositions are closely related to empirical orthogonal functions for

surrogate models in atmospheric sciences [29, 30], electrodynamics [31, 32] and heat transfer

[33, 34]; as well as model reduction of stochastic processes [35] and balanced model reduction

for optimal control [36, 37].

ROMs not only provide substantial dimensionality reduction for downstream decision-

making and control, but also supply valuable physical information that can be leveraged

for optimizing sensor placement. Crucial to this approach is the assumption that high-

dimensional states can be expressed as a linear combination of basis features using a low-

dimensional model. Linear reduced order modeling techniques are excellent at this when the

most energetic features also have the largest influence on the dynamics of the system. Tech-

niques like proper orthogonal decomposition (POD), dynamic mode decomposition (DMD),

and balanced truncation project the system’s high-dimensional state space onto a lower-
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dimensional subspace, capturing these dominant features or modes. These models are par-

ticularly effective for systems with linear or near-linear behavior, such as fluid flows at low

Reynolds numbers or structural dynamics in small deformation regimes. On the other hand,

systems where low-energy features have a significant impact on the system’s evolution over

time are particularly challenging to model with linear data-driven techniques as the mech-

anisms through which low-energy features influence high-energy dynamics are often highly

nonlinear. Techniques like manifold learning [38], Koopman operator theory [39], or non-

linear autoregressive models, and autoencoders [40] account for the underlying nonlinear

structures in the data. Nonlinear ROMs are crucial for capturing the dynamics of complex

phenomena, such as turbulence, combustion, or biological processes, where linear assump-

tions fail to represent the system’s behavior accurately.

The regulatory processes of nuclear safety, overseen by bodies like the Nuclear Regulatory

Commission (NRC), are rigorous and require a high degree of explainability and transparency

to ensure safety and compliance. Given the complexity of nuclear systems and the potential

consequences of failure, regulatory assessments demand models that not only deliver accu-

rate predictions but also provide clear insights into how these predictions are made. To meet

these demands, in this thesis, we focus on developing optimal sensing techniques based on

reduced-order models that offer both uncertainty quantification and explainability. Tech-

niques like Proper Orthogonal Decomposition (POD) and Dynamic Mode Decomposition

(DMD) identify low-dimensional structures, or modes, that capture the dominant dynamics

of a system. These modes represent the key features on which the flow evolves, and the

overall system behavior is generally a linear combination of these modes. By analyzing these

modes, we can determine which sensors are most informative for capturing the essential dy-

namics of the system. Sensors are strategically chosen to monitor regions where the flow

is most influenced by the dominant modes, ensuring that the sensor network captures the

most critical information. This approach not only aids in efficient sensor placement but also

provides a clear, explainable rationale for why specific sensors are selected, grounded in the

underlying flow dynamics. These ROMs allow for the efficient representation of complex
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system dynamics while maintaining a level of interpretability, making it easier to trace how

input data influences predictions, sensor locations and field reconstructions. Furthermore, by

incorporating uncertainty quantification, these models enhance reliability for digital twins,

providing confidence in decision-making processes and ensuring that regulatory standards for

safety and performance are met. In the following subsection, we provide a brief description

of proper orthogonal decomposition mentioned above.

2.1.1 Linear Reduced Order Models

In case of prior knowledge about the signal or system the patterns within data can be explored

by extracting the dominant features that make the signal. This data-driven approach relies

on low-rank embeddings such as POD (Proper Orthogonal Decomposition) to form a tailored

basis for a specific problem. These embeddings are used in the ROM community to select

measurements in the state space that facilitate feature space reconstruction. Given a set

of high dimensional states x ∈ Rn, POD expresses them as a linear combination of POD

orthonormal modes ψ and provides a low rank embedding where a represents the POD

coefficients. This embedding can be lifted back to the full state as xi ≈
∑r

k=1 ak(ti)ψk(x)

We see that POD provides a space-time separation of variables where ak(ti) vary in time

and ψk(x) vary spatially. These POD coefficients ak and eigenmodes ψk can be obtained

from the Singular Value Decomposition (SVD). Given a data matrix X = [x1 x2 . . . xm] the

orthonormal left singular vectors U of X calculated through SVD are the eigenmodes.

X = UDVT ≈ UrDrV
T

In the above equation r is the rank truncation factor which provides the dimensionality

reduction required for reduced order modelling. Matrices Ur, Vr hold the first r columns of

U and V. Diagonal matrix Dr holds the first r× r block of Σ singular values. Thus the low

dimensional POD coefficients vector for state x is given by orthogonal projection a = UT
r x.

Thus, POD is a widely used dimensionality reduction technique which allows computational

speedup of numerical time-stepping, parameter estimation, and control.
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2.2 Digital Twins

A digital twin is a virtual representation of a physical object, system, or process that uses

real-time data and simulations to model, monitor, and predict its behavior. It integrates

technologies such as IoT (Internet of Things), data analytics, artificial intelligence, and ma-

chine learning to create a dynamic digital counterpart of the physical entity. As shown in

Figure 2.1, a digital twin framework consists of four primary spaces: a real/physical space

containing the physical assets; a virtual/digital space containing the virtual computer-aided

design (CAD) replica, along with the intelligence enabling all the decisions and recommen-

dations being made; a data space containing the data warehouse; and an action and recom-

mendation space [41, 42].

The data space usually contains data lakes and/or data warehouses utilizing different re-

lational databases (using structured querying language to query smaller chunks of the data),

or non-relational (e.g., NoSQL or graph databases) depending on the format of the data. The

accumulated sensor data from multiple systems can be decentralized on distributed servers

on the cloud or centralized in a single source of truth (i.e., digital thread) and is analyzed

using advanced analytics and machine learning techniques. These analyses are instrumental

in identifying anomalies, categorizing potential accident scenarios, and forecasting their like-

lihood and timing. Machine learning algorithms, for instance, can predict component wear

or detect early signs of operational failure, thereby enabling preemptive maintenance actions

that enhance safety and prevent unplanned outages.

The insights gained from the data space inform the recommendations and actions space,

where they are translated into actionable guidance for system operators. This conversion of

data into operational strategies enables timely and informed decision-making, allowing staff

to implement necessary adjustments swiftly and effectively. Continuous feedback from the

virtual sensors ensures that the digital twin remains a reliable and accurate tool for decision

support, thereby streamlining operations and enhancing the decision-making process. NASA

defines a digital twin as [43, 44]



13

“An integrated multi-physics, multi-scale, probabilistic simulation of an as-built

vehicle or system that uses the best available physical models, sensor updates,

fleet history, etc., to mirror the life of its corresponding flying twin.”

Digital twins are widely used across industries, including manufacturing, healthcare, aerospace,

energy, and smart cities, to optimize performance, predict maintenance needs, and enhance

overall system efficiency. Digital twin realizations effectively function as virtual sensors, en-

abling the prediction of aircraft structure lifespans and ensuring their structural integrity

throughout their lifecycle [45, 46].

2.2.1 Nuclear Digital Twins

A nuclear digital twin is a digital CAD replica of a physical counterpart whose complex-

ity can vary from that of an individual fuel rodlet, heat pipe, or nuclear reactor, to that

of an integrated energy system utilizing several different energy sources (e.g., wind, solar,

and nuclear). A digital twin encompasses data of a system across all phases of its prod-

uct lifecycle, enabling continuous monitoring, analysis, and optimization from inception to

decommissioning. The nuclear digital twin also provides a visual representation of the sys-

tem, along with the locations of various sensors and actuators [47]. The nuclear industry is

moving toward digital twinning architectures that operate based on real-time data flows and

control decisions [48]. Potential application areas for digital twins in the nuclear industry

include design and licensing, plant construction, training simulators, predictive operations

and maintenance, autonomous operation and control, failure and degradation prediction, the

generation of insights from historical plant data, and safety and reliability analyses. During

the design of any system, it is very important to test failure modes. In the nuclear field,

building a physical prototype to test for failures is both challenging and extremely expen-

sive. Modeling and simulating various designs/controls and assessing system failure scenarios

without the need for destructive experimentation is of great value.

In nuclear applications, digital twinning requires real-time, high-precision simulations
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y = Sx+ η

Figure 2.1: Digital twin frameworks consist of a real/physical space containing physical

assets, a virtual digital space containing computer-aided design (CAD) replicas, simulations

and Artificial Intelligence (AI), a data space and a decision space [41, 42]; all of which

are enabled by sensors providing two-way communication between the virtual (ROMs and

simulations) and the physical spaces. This digital twin characterizes the lifecycle of OPTI-

TWIST (Out-of-Pile Testing and Instrumentation Transient Water Irradiation System) cap-

sule, which is inserted into the TREAT (Transient Reactor Test Facility ) reactor at Idaho

National Laboratory to test fuel compositions.

featuring online autonomous calibration to real data via machine learning (ML) (e.g., using

k-means clustering and artificial neural networks [49]). Evaluating the effect of uncertainty in

the digital twin, as simulated by ML models on reactor instrumentation [50], and establishing

(through sensors) a real-time two-way connection between the physical and the virtual spaces

are crucial considerations for the success of digital twins [51].

Real-time sensor data streaming through communication protocols within private chan-

nels or the Industrial Internet of Things is indispensable for creating digital twin architectures
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for nuclear applications (see Figure 2.1). The sensors provide continuous self-validation of

the ML/AI models which not only reflect the current state of the dynamical system but

also predict, in real time, future states of the dynamics. Current sensor technologies in the

nuclear field reflect a preference that sensors be installed in easily accessible areas. Only

a few algorithms have been developed for sensor placement in nuclear reactors such as the

generalized empirical interpolation method [52], reinforcement learning [53], and a directed

graph approach for minimizing postulated faults with maximum imperceptibility [54].

For high-dimensional nuclear systems, it is difficult to optimally place sensors for accu-

rate flow field reconstruction. ROMs help reveal the underlying dynamics and behavior of

these complex systems—all while using minimal computational resources [55]. These ROMs

facilitate the creation of digital twins. Figure 2.1 provides an overview of sensor placement

for enabling digital twins within the nuclear industry and elaborates on the need for opti-

mization of sensor locations. As Digital twins showcase entire product lifecycles, from

design to retirement, in the first three product lifecycle phases, sensors play a crucial role in

the digitized replica [56]:

1. Design phase: Before the physical asset is even conceptualized, the virtual prototype

of the process or plant being designed is subjected to stress-strain analyses, simulation,

control, and analysis for failure modes. However, few virtual prototypes utilize optimal

sensing techniques to determine the best locations and number of sensors to recreate

the flow fields of the physical asset. The present work contributes by optimizing sensor

placement in the design phase while also accounting for the spatial constraints that

arise in the physical asset. This means that, prior to physical asset production, sensor

locations can be simulated on the virtual prototype so as to self-validate ML surrogate

models established for control procedures.

2. Manufacturing phase: Virtual sensors are converted into physical sensors and vali-

dated based on experimentation. If certain constraints arise during production, optimal

sensing techniques can incorporate them in real time and then suggest the next best
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set of optimal sensor locations.

3. Service phase: Once the product/process/plant is deployed, sensors based on the

maintenance and repair constraints suggested by the algorithm during the design phase

can showcase their abilities. While in service, certain sensors may fail or give erroneous

readings. Such obstacles that arise during service can be tackled by having the sparse

sensing algorithm quantify the erroneous readings and compensate for sensor failures.

In the last phase, retirement, the physical asset is disassembled, re-manufactured, reused,

or disposed of. Similarly, digital twins can be classified based on realizations of the product :

prototypes, instances, and aggregates. Sensor communication among various instances of

a product is crucial. In digital twin aggregates, multiple instances of either the same

product (mass production) or different components form a higher-level twin. In this phase,

new constraints may be imposed on sensor placement, based on the aggregation of products.

Therefore, optimal sensor technologies empower digital twins by critically enabling the

integration of in-field and real-time raw data into the virtual replica of a physical prototype

at any point during its product lifecycle [57].

2.3 Data-driven Sparse Sensing

Sensors play a crucial role in characterizing spatio-temporal dynamics in high-dimensional,

non-linear systems such as atmospheric dynamics [58], fluid flows, manufacturing [14] and

power-grid systems. Determining optimal sensor locations with respect to a desired objec-

tive is a NP-hard brute-force search among combinatorially many candidate placements.

There are various high-level objectives for sensor placement such as reconstruction [4, 59, 8,

60, 13, 9, 35], classification [6, 61], reduced-order modeling [9, 10, 11, 12], control [62, 63,

64, 65, 15], and anomaly detection [66, 67, 54]. Common approaches to optimizing sensor

placement include maximizing the information criteria [3, 68, 69, 70], Bayesian statistics

[71, 72], compressed sensing [73, 74], heuristic methods [75] and framing sensor placement

as a submodular selection problem [5]. However, some approaches based on kalman filter
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sensor selection are not submodular [76]. Sub-modular objectives can be efficiently opti-

mized for hundreds or thousands of candidate locations using convex [4, 77, 78, 6] or greedy

optimization approaches [5].

Sensor placement in linear dynamical systems have been optimized using gradient descent

methods with similar computational complexity [7]. Sensor selection for continuous-time

linear dynamical systems has also been achieved through sparsity-promoting frameworks

which identify sparsity patterns of feedback gains in optimal control problems [79, 80, 81].

This approach can also be extended for optimal selection of a subset of available sensors or

actuators in large-scale dynamical systems [82].

These methods do not scale well to high-dimensional system models and thus sensor

selection approaches which leverage dimensionality reduction techniques such as proper or-

thogonal decomposition (POD) and ,empirical interpolation methods(EIM) were explored

[83, 11]. Linear reconstruction of global fields through POD was initially used with random

measurements, subsequent work optimized sensor locations through EIM. The pioneering

physics-based approaches placed point sensors at strategic locations or extrema of the lead-

ing POD modes for flow reconstruction in a POD basis [8, 9]. These were succeeded by EIMs

in projection-based reduced order modeling [11, 12] which yielded a marked improvement in

reconstruction accuracy. A library of POD modes and sparse approximation has been used

to classify flow environments from sparse noisy data collected by wing strain sensors in the

Manduca sexta hawkmoth [84]. The accuracy of the method has been studied for varying sig-

nal to noise ratios (SNR). The connection between EIMs and optimal sensor placement was

made explicit in [13], and generalized to optimal actuator placement for control [15], greedy

cost constraints [85, 16], multi-fidelity sensors [86], and multi-scale physics [87]. These

approaches can be further extended to provide a sensor landscape based on data-induced

interactions instead of an optimal sensor configuration [88].

The above mentioned linear-theory based tools face challenges in capturing the dynamics

of highly non-linear and chaotic systems [89]. As an alternative to traditional linear meth-

ods, shallow neural networks (SNNs) which are generally known as shallow decoder networks
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(SDNs) are used to learn a mapping from sensor measurements to the flow field for global

field reconstruction [90]. These reconstructions are less sensitive to sensor location than

linear methods, however their performance can be further improved by selecting measure-

ment locations in a principled manner [91, 92]. Convolutional neural networks (CNNs) have

emerged as nonlinear alternatives to reconstruct chaotic data from sparse measurements in

an efficient manner [93, 94, 95, 96, 97]. The autoencoder reduced-order representation is

used for state estimation from sparse and noisy data and achieves the same accuracy as

traditional methods while improving reconstruction efficiency by 70 % [98] In order to in-

corporate physics-constraints and reconstruct fluid flows from sparse, noisy velocity data,

Bayesian deep learning techniques are used [99]. Physics informed neural networks (PINNs)

overcome the large amount of data required for deep learning techniques and thus hybrid

data-driven and physics-based reconstruction from sparse data helps infer unknown condi-

tions if the physics is partially known [100, 101]. Most of the methods mentioned above

develop strategies for accurate and efficient classification, reconstruction or anomaly detec-

tion with randomly placed or unorganized sensors as opposed to optimizing placement of

sensors with respect to a certain objective [102, 93, 103, 104, 105].

For unknown Distributed Parameter Systems (DPSs), reinforcement learning based op-

timal sensor placement strategies that circumvent requirements of convexity, submodularity

and need for a model have been developed [106]. Deep reinforcement learning algorithms

have also been used to formulate control schemes by optimizing sensor configurations in the

wake of a cylinder [64, 107]. Multi-objective optimization of sensors in Wireless Sensor Net-

works (WSNs) design and energy utilization through the genetic algorithm has been explored

thoroughly [108, 109, 110].

2.4 Sensing and Uncertainty Analysis for Nuclear Assets

Sensing technologies play a critical role in the nuclear industry by providing real-time, ac-

curate data to monitor the performance, safety, and integrity of nuclear systems and com-

ponents throughout their lifecycle. The nuclear industry is increasingly adopting instrumen-
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Figure 2.2: Physical sensors capture real-time data that can be seamlessly compared with

virtual sensors and reduced-order models, enabling high-fidelity insights for full-field recon-

struction, model validation, operational monitoring, and precise uncertainty quantification.

tation that provides real-time, accurate, spatially-resolved data on test conditions and the

performance of fuels and materials during irradiation. The integration of innovative optical

fiber, acoustic, and electrical impedance sensing technologies and measurement techniques

are crucial to support these advancements [111]. Further, the adoption of condition-based

maintenance and automation in the nuclear power industry, requires key online monitor-

ing (OLM) applications to enhance safety, efficiency, and predictive maintenance, with an

emphasis on noise analysis and integrated system requirements [112]. Traditionally, sens-

ing and monitoring in the nuclear industry relied on manual inspections and conventional

instrumentation to ensure the safety, efficiency, and performance of critical systems and com-

ponents. Previous work proposes algorithms for sensor fault detection, isolation, and signal
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reconstruction in nuclear power plants, using anomaly detection, interquartile range-based

schemes, and autoregressive models to ensure accurate readings and enhance safety [113].

Uncertainty can originate extrinsically such as uncertain inputs to a model, user-introduced

errors, truncation errors, and misinterpretations. This is usually referred to as epistemic un-

certainties for they can be reduced by acquiring more knowledge, adding more terms to

the truncated model, or acquiring more data/samples. Uncertainty can also originate in-

trinsically such as inherent stochasticity, noisy telemetry data, low-resolution images, and

instrumental uncertainty. This is usually referred to as aleatoric uncertainty because it

cannot be reduced since it usually incorporates random probabilistic natures.

In nuclear applications, the separation between these types of uncertainties is impera-

tive for its tight coupling to safety and regulatory aspects [114] which explains significant

investments to integrate covariance cross section data in nuclear codes such as SCALE [115].

Sensor integration further enhances uncertainty quantification by providing real-time data

for model validation and refinement, enabling adaptive safety mechanisms [116]. Advances

in machine learning and data-driven approaches have introduced techniques to reduce com-

putational costs while maintaining high accuracy in uncertainty estimations. Additionally,

uncertainty-aware designs, such as those in reactor vessel methodologies or heat exchanger

efficiency assessments [117], improve reliability and safety during both operation and de-

commissioning phases. These advancements collectively ensure that nuclear systems meet

stringent regulatory and safety requirements in an economically viable manner.

Uncertainty in digital twin (DT) predictions propagates from sensor noise, upstream pro-

cess disturbances, and modeling errors. This uncertainty, originating in the precision and

noise of sensor measurements, cascades through DT subsystem components. Uncertainty

quantification is crucial for verifying predicted temperatures, heat flux, and flow compo-

nents within nuclear reactors. In this study, we design sensor placements to systematically

minimize and characterize uncertainty from sensor-based state reconstruction in digital twin

components, utilizing low-dimensional representations of simulation data.
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Chapter 3

CONSTRAINED OPTIMIZATION OF SENSOR PLACEMENT
FOR TEMPERATURE FIELD RECONSTRUCTION

In this chapter, we develop a data-driven optimization approach for a nuclear component

prototype, incorporating spatial constraints. In certain regions of a reactor, the placement of

sensors may be constrained due to limited space availability or specific requirements dictating

predetermined sensor locations, restricted areas within the reactor, fixed numbers of sensors

within a region, or a minimum allowed proximity between sensors. Our target application

is the Out-of-Pile Testing and Instrumentation Transient Water Irradiation System (OPTI-

TWIST) prototype which is electrically heated to emulate the neutronic effect of a nuclear

fuel. Production version of TWIST serves as a multi-purpose test rig for surrogate fuel

rodlets, and simulate transient loss of coolant accident scenarios, to assist in qualification of

an identical irradiation rig for the Idaho National Laboratory (INL) Transient Reactor Test

Facility (TREAT).

We adapt data-driven methods based on modal decomposition [15] to enforce these con-

straints during optimization, and develop placement strategies for full-field reconstruction

based on sparse spatially constrained sensor measurements. Our algorithm minimizes error

covariance using D-optimal design criteria, which provides an evaluation metric for a given

sensor configuration and corresponding estimates of reconstruction uncertainty under noisy

measurements. Using empirical and theoretical validation, the present work demonstrates

the technique to be near optimal using exhaustive enumeration of all feasible sensor config-

urations for a low-dimensional dynamical system. The optimized sensors under constraints

are demonstrated to provide highly accurate reconstruction and uncertainty estimates un-

der noisy measurements when compared to random placements in high-dimensional 2D heat
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diffusion, OPTI-TWIST steady-state and transient temperature fields with up to 40510 can-

didate sensor locations. We detail the reconstruction of latent flow fields from sparse sensor

measurements using reduced order modeling.

3.1 Sparse Sensing for Reconstruction

The core of our work is the reconstruction of latent fields x ∈ Rn from p noise-corrupted

sensor measurements y ∈ Rp

y = Sx+ η, (3.1)

where η consists of zero-mean, Gaussian independent and identically distributed (i.i.d.)

components, and S ∈ Rp×n is the desired sensor (measurement) selection operator. In

nuclear applications, the number of measurements p is severely limited relative to the large

dimensionality of the latent field. We encode the field dynamics as a linear combination of

spatial basis modes ψk(ξ) weighted by time-varying coefficients

x(t) ≈
r∑

k=1

ak(t)ψk(ξ). (3.2)

For each field or full state x at a fixed t, the vector a composed of the r coefficients ak(t)

defines a low-rank embedding of the form

x = Ψra,

where the modes ψk comprise the columns of Ψr. This basis, which can be built from

spectral or data-driven decomposition methods, is typically chosen so that the embedding

dimension is as small as possible, i.e., r ≪ n.

Given this assumption, high-dimensional states can be directly recovered from measure-

ments via the maximum likelihood estimate of the basis coefficients, â = (SΨr)
†y:

x̂ = Ψr(SΨr)
†y, (3.3)

known as gappy proper orthogonal decomposition (POD) [35]. The gappy estimator is well-

posed when the number of sensors equals or exceeds r. Importantly, the inherent compress-

ibility of physical fields enables a drastic reduction in the number of sensors required for
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high-fidelity reconstruction. The critical enabler for sparse sensing is the fact that nuclear

processes are strictly governed by a small set of underlying physics. As we shall see, strate-

gic selection of sensor measurements—based on noisy flow physics—allows for an extremely

small number of deployed sensors to be used.

3.2 Proper Orthogonal Decomposition

The data embedding rank dictates the minimum number of sensors required for reconstruc-

tion, necessitating a choice of basis with the lowest possible rank. Given full state data

sampled from physics/CFD simulations X =
[
x1 . . . xm

]
, the proper orthogonal decom-

position (POD) [83] provides the minimal rank approximation to data

argmin
Ψ,rank(Ψ)=r

∥X−ΨΨTX∥2F , (3.4)

where the low-rank embedding is given by the projection of the data onto orthogonal POD

modes, ΨT
r X. The solution to (3.4) is computed using the singular value decomposition of

the data matrix, X = UDV∗, where the leading r left singular vectors comprise the desired

POD modes

Ψr = Ur =
[
u1 u2 . . . ur

]
. (3.5)

The singular values (diagonal entries of D), quantify the decreasing energy contribution of

each successive mode and determine the truncation rank. Most physical data have much

fewer degrees of freedom than the ambient data dimension, allowing a very small choice of r.

The cumulative energy captured by the leading r modes is
∑r

i=1 di/
∑

i di. In practice, the

smallest possible r capturing 90-99% of cumulative energy above the noise threshold is used

as the model truncation rank. Therefore, POD is also the workhorse of projection-based

model order reduction, used for projecting governing equation terms onto POD modes to

obtain highly computationally expedient surrogate models for high-fidelity physics.
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3.3 Optimal Design for Gappy Estimation

The placement of sensors is defined by a measurement selection operator S ∈ Rp×n that op-

timally recovers modal mixture a from sensor measurements y. This measurement selection

operator S encodes point measurements with unit entries in a sparse matrix

S =
[
eγ1 eγ2 . . . eγp

]T
, (3.6)

where ej are canonical basis vectors for Rn, with a unit entry in component j (where a sensor

should be placed) and zeroes elsewhere. Here, γ = {γ1, γ2, . . . , γp} ⊂ {1, 2, . . . , n} denotes

the index set of sensor locations with cardinality p. Sensor selection then corresponds to the

components of x that were chosen to be measured:

Sx =
[
xγ1 xγ2 . . . xγp

]T
. (3.7)

The selection of sensors is based on the optimal estimation of the entire state vector x ∈ Rn

from p experiment outputs y ∈ Rp with additive i.i.d. Gaussian noise ηi ∼ N (0, β2) in each

measurement yi:

y = SΨra+ η. (3.8)

The values of x at unmeasured locations can be recovered by solving a linear system of

equations for the basis coefficients via the Moore-Penrose pseudoinverse of SΨr (gappy

POD (3.3)):

x̂ = Ψr(SΨr)
†y.

The row indices of Ψr correspond to sensor locations in the state space that effectively

condition the matrix inversion, enabling accurate reconstruction of the estimated state x̂.

Optimal design of experiments [118] for estimation problems involves the strategic se-

lection of a set of experiments to gather sufficient information about the domain, enabling

accurate predictions for measurements where experiments were not performed. Statistical

criteria, such as A, D and E-optimality, are used to select the set which minimizes or maxi-

mizes different properties of the Fisher information matrix. Fisher information [118] measures
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the amount of information a random variable contains about the estimated parameter, such

as its true mean or standard deviation. The Fisher information matrix defines covariance

matrices associated with maximum-likelihood estimates and is (SΨr)
T (SΨr) in our case. A-

optimal designs minimize the trace of the inverse of the Fisher information matrix, whereas

E-optimal designs maximize the minimum eigenvalue of the information matrix. D-optimal

designs [119] minimize the generalized variance of the parameter estimates by maximizing

the determinant of the Fisher information matrix [120].

Optimal design for gappy estimation involves placing sensors at limited points in the

domain to accurately reconstruct flow fields over the entire domain. In contrast to classical

optimal design in which each sensor can be used multiple times out of a set of candidate

sensors, candidate sensors can only be used once in the gappy framework. In this setting,

design of experiments aims to optimize the sensor selection S to optimize statistics of the

estimation error a− â, an r-dimensional random variable with zero mean and covariance

Σ = Var(a− â) = β2((SΨr)
T (SΨr))

−1. (3.9)

The eigenvalues of this covariance matrix characterize the statistical and geometric measures

of estimation error “size” [121], shown in Table 3.1. Generalized variance, defined by det(Σ),

Measure Formula Geometry

Generalized variance det(Σ) = Πiλi area, (hyper)volume

Average variance tr(Σ) =
∑

i λi linear sum

Maximal variance λmax maximum dispersion

Table 3.1: Statistical and geometric measures for error covariance [121]

characterizes correlations among pairs of variables. When it is large, the variables have little

correlation with each other; when it is small, the variables are strongly correlated. On

the other hand, average variance, given by tr(Σ), is the sum of the population variances.
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A-optimal criteria minimize this average variance, while E-optimal criteria minimize the

maximal variance of Σ. The variance, which measures the uncertainty in the estimated

response, should be small for minimal deviation between estimated and true values [119].

We consider D-optimal design for flow field reconstruction with information matrix

(SΨr)
T (SΨr), which depends on the selected sensors S(γ). The determinant objective max-

imizes the information volume via maximization of its determinant, given a budget of p

sensors. The maximizing sensor set of this criterion is also the maximizer of its logarithm

γ∗ = argmax
γ,|γ|=p

log det((SΨr)
T (SΨr)). (3.10)

When p = r, Equation 5.12 is equivalent to the maximizer of log | det(SΨr)|. Direct opti-

mization of this criterion leads to a brute force combinatorial search. This sensor placement

approach builds upon the empirical interpolation method (EIM) [10] and discrete empirical

interpolation method (DEIM) [11] which select the best interpolation points for evaluating

nonlinear terms in projection-based reduced order models. However, these methods do not

directly optimize statistics of the error or minimize error covariance. In the next section, we

develop a greedy strategy for optimizing sensor selection under constraints built upon the

pivoted QR factorization [12, 13, 14, 15], and analyze the reconstruction performance with

respect to D-optimal design criteria.

3.4 Column-pivoted QR Decomposition with Spatial Constraints

The QR factorization with column pivoting decomposes a matrix W ∈ Rm×n into a unitary

matrix Q, an upper-triangular matrix R, and a column permutation matrix Π, such that

WΠ = QR. As described above, each column index of ΨT
r corresponds to a single sensor

location in the state space. We applied QR pivoting to the transpose of our basis, i.e.

W = ΨT
r , and use the permutation matrix to store information about the sensors selected.

The pivoted QR decomposition is a greedy algorithm for optimizing Equation 5.12 that, in

each iteration) selects a new column pivot (sensor location) with maximal two-norm, then

subtracting from every other column vector its orthogonal projection onto the pivot column
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Figure 3.1: Greedy selection of the next sensor involves choosing the next pivot column of

ΨT from the set of allowable sensor locations specified by the constraint.

[13, 12]. This projection is given by a Householder reflector that maps any vector ν to

− sign ν1σe1, where σ = ∥ν∥2 and ν1 is the first component of ν

H(ν) = I− (ν + sign(ν1)σe1)(ν + sign(ν1)σe1)
T

σ(σ + |ν1|)
. (3.11)

Householder projections effectively zero out the subdiagonal components of column vectors

in each iteration to induce upper-triangular structure in W, constructing R in place. House-

holder reflectors can be written in the standard form I− 2uuT , where u has unit norm.

Consider the following partial QR factorization at the kth iteration in the pivoting pro-

cedure:

WΠ = QR = Q

R(k)
11 R

(k)
12

0 R
(k)
22

 , (3.12)

where Q ∈ Rm×m is orthogonal, R
(k)
11 ∈ Rk×k is upper triangular, R

(k)
12 ∈ Rk×(n−k), R

(k)
22 ∈

R(m−k)×(n−k), andΠ ∈ Rn×n is the permutation matrix containing information about the first
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k chosen sensors [122, 86, 123]. In unconstrained QR pivoting, the (k+ 1)st iteration selects

a column from the submatrix R
(k)
22 with the maximal two-norm, then swaps the selected

column with the (k + 1)st column while updating permutation indices

l = argmax
i=1,...,n−k

∥r(k)22(i)
∥2. (3.13)

Constraints are integrated within this step, by forcing the pivot column index to be

selected from the latest set of allowable indices based on the constraints under consideration.

The k+1st iteration in constrained optimization selects the pivot column with largest 2 norm,

r
(k)
22(i)

, from the constrained/unconstrained set of allowable column indices in R
(k)
22 . The QR

pivoting algorithm results in the following diagonal dominance structure in R:

|Rii|2 ≥
k∑

j=1

|Rjk|2, 1 ≤ i ≤ k ≤ r. (3.14)

Constraints are imposed in the final r − s steps of pivoting, ensuring that the largest con-

tributing terms in the objective function expansion remained unaffected:

log det((SΨr)
TSΨr) = log

(
r∏

i=1

R2
ii

)
= logR2

11+logR2
22+· · ·+logR2

(r−s)(r−s)+· · ·+logR2
rr.

The main driver of this optimization is the point at which constraints are introduced into

the pivoting procedure, as allowing upper triangularization to proceed normally in the start-

ing iterations maximizes the leading diagonal entries of R, ensuring that domain-specific

constraints do not drastically affect the diagonal dominance property, but only the trailing

Rii, which are optimized by choosing the best pivot from the allowable locations. The three

types of spatial constraints handled by the algorithm (Figure 3.1) are:

1. Region constrained: This type of constraint arises when we can place either a

maximum of or exactly s sensors in a certain region, while the remaining r− s sensors

must be placed outside the constraint region.

• Maximum: This case deals with applications in which the number of sensors in

the constraint region should be less than or equal to s. In each iteration a pivot



29

column (sensor location) is chosen from the set of all columns until s selected

pivots lie in the constrained region. Successive pivots with the largest 2-norm are

selected from among the unconstrained column indices.

• Exact: This case deals with applications in which the number of sensors in the

constraint region should equal s. The algorithm follows the same procedure as the

maximum sensor placement case if the number of sensors in the constraint region

equals or exceeds s. However, if there are fewer than s sensors in the constrained

region, the algorithm forces the deficit of sensors to be placed in the constraint

region at the end of the pivoting procedure.

2. Predetermined: This type of constraint occurs when a certain number of sensor

locations are already specified, and optimized locations for the remaining sensors are

desired. The strategy employed selects pivots from among all column indices of R
(k)
22

until the iterate k equals r − s, then imposes the selection of user-specified sensor

locations in the final s iterations.

3. Distance constrained: This constraint enforces a minimum distance d between se-

lected sensors. Accordingly, the first pivot is the column index of ΨT
r with maximal

2-norm, the default (unconstrained) base step. The (k + 1)st iterate now selects the

pivot column with maximal 2-norm from among the remaining columns of R
(k)
22 that

are at least distance d away from the previous k selected sensors. This is an adaptive

constraint because the set of allowable sensor indices is updated with each pivoting

iteration to remove the d-neighborhood of the kth sensor.

Although we mainly consider the minimal allowable number of sensors to be p = r, the

truncation rank of the basis, additional sensors can be added for redundancy and robustness

through the oversampling optimization proposed by B. Peherstorfer et al [124].
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Algorithm 1 QR Pivoting with Adaptive Constraints

1: Input: W = Input matrix, sc = Constrained/Predetermined sensor indices, s = indices

allowed in the constrained region/ Total predetermined sensors, CONSTRAINTS = Type

of Constraint, d = Distance from previous sensors

2: Output: Sensor indices

3: Function Call: γ = CONSTRAINEDQR(ΨT
r , CONSTRAINTS, sc=[], s=[], d=2)

4: procedure constrainedQR(W, Constraints,sc,s,d)

5: r, n←Size(W) ▷ r = number of desired sensors

6: R←Copy(W)

7: Q← eye(m)

8: γ ← [1, 2, . . . , n] ▷ sensor index set

9: for all k ∈ 1, ...., r do

10: dlens←computeConstraints(dlens,γ,CONSTRAINTS, k,sc,s,d)

11: l← argmax dlens

12: ν ← R[k : m, k − 1 + l]

13: swap(R[k : m, k],R[k : m, k − 1 + l])

14: swap(γk, γk−1+l) ▷ update kth sensor

15: u← Householder(ν) ▷ compute H(ν)

16: R[k : m, k : n]← (I − 2uuT )R[k : m, k : n]

17: Q[:, k : n]← (I − 2uuT )Q[:, k : n]

18: return γ1:r

3.5 Uncertainty Estimation

Under noisy measurements, errors in estimation are transmitted into reconstruction errors.

Geometrically, estimation errors are characterized by (hyper-)ellipsoids in r dimensions whose

axes describe these errors. Statistically, the confidence intervals for the estimation of states
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Algorithm 2 Subroutine for Constraints

1: Input: sc, s, r, d, CONSTRAINTS (see Algorithm 1), dlens = R column norms, γ = sensor

index set, k = current sensor index

2: Output: dlens

3: procedure computeConstraint(dlens,γ,Constraints,k,sc, s,r,d)

4: if CONSTRAINTS = RegionConstrainedMax then

5: if |γ| ∈ sc < s then

6: dlens = dlens

7: else

8: dlens[sc] = 0

9: else if CONSTRAINTS = RegionConstrainedExact then

10: if |γ| ∈ sc < s then

11: dlens = dlens

12: if r > k ≥ (r − (s− |γ|) then

13: dlens[!sc] = 0

14: else ▷ Number of sensors in constrained region > s

15: dlens[sc] = 0

16: else if CONSTRAINTS = Pre-determined then

17: if k = (r − s) then

18: dlens[!sc] = 0

19: else CONSTRAINTS = DistanceConstrained

20: if p ∈ dlens and ∥p− γ[:]∥2 ≤ d then

21: dlens[p] = 0

are characterized by the η-confidence ellipsoid that contains a− â with probability η

Eα = {z|zTΣ−1z ≤ α}, (3.15)
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where Σ is the covariance matrix in Equation 3.9 and α = F−1
χ2
n
(η) is the cumulative distri-

bution function of a χ-squared random variable with r degrees of freedom. An important

scalar measure of the quality of estimation is the volume of this ellipsoid

vol(ϵα) =
(απ)r/2

Γ( r
(2+1)

)
detΣ1/2 =

(απ)r/2

Γ( r
(2+1)

)
det((β2((SΨr)

T (SΨr))
−1)1/2), (3.16)

where Γ is the gamma function. D-optimal designs minimize the volume of the ellipsoid,

which is inversely proportional to the determinant of our information matrix. A small volume

for the η-confidence ellipsoid implies a strong correlation between the estimation errors in

each component. Under Gaussian noise assumptions, 3σ standard deviations computed from

the diagonal entries of the covariance matrix Σii measure the uncertainty in predicting the

ith component, establishing error bounds for reconstructing flows from noisy measurements.

The following text, for ease of notation, uses Θ = SΨr to signify the mode measurement

matrix, hence Σ = ΘTΘ represents the Fisher Information. In order to quantify the uncer-

tainty in each reconstructed component of the state under noisy measurements, we analyze

the expected covariance of the full state fluctuations. Klishin et al [88] provide the follow-

ing estimate of the expected state covariance for a regularized gappy estimator, which now

depends on the covariance of our measurement model as follows

E[∆x̂∆x̂T ] = Ψr
Σ−1

β2
ΘTE[∆y∆yT ]Θ

Σ−1

β2
ΨT

r , (3.17)

where E[∆y∆yT ] = β2I for uncorrelated noise. The standard deviation in the reconstruction

of each grid-point can be calculated through the diagonal entries of this matrix, providing an

uncertainty heatmap of the whole reconstructed domain based on the sensor configuration

S [88]

F ≡ ΨrΣ
−1Θ

T

β2

σi = β

√∑
j

(Fij)
2.

(3.18)

Furthermore, model recalibration for digital twinning can be informed by analyzing the

distribution of each component of the estimated coefficients â, even when the true coefficients
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are unavailable. The predicted mean µi = E[âi] is estimated by averaging measurements over

the training data

E[âi] = Σ−1Θ
T

β2
E[yi] (3.19)

where yi are each component of noisy measurements with standard deviation β. Similarly,

we can estimate the expected covariance in components of â using the diagonal entries of

E[∆â∆âT ] =
Σ−1

β2
ΘTE[∆y∆yT ]Θ

Σ−1

β2
. (3.20)

The diagonal part T of the covariance matrix can be used to calculate the standard deviation

in the distribution of the estimated POD coefficients.

T ≡ Σ−1Θ
T

β2

σi = β

√∑
j

(Tij)
2.

(3.21)

The predicted standard deviation and mean of the POD coefficients together provide sta-

tistical metrics to measure uncertainty in the reconstruction of the flow field due to noise

measurements when true readings are unavailable. In nuclear digital twins these error bounds

can be used to detect the divergence of sensor readings from expected values. Statistics of the

error provide means to “flag” or “signal” re-calibration of the digital twin, detect anomalies

and classify erroneous readings.

3.6 Results

This section demonstrates the constrained and unconstrained sensor placement algorithm on

a randomly generated state space system, the 2D heat diffusion through a thin plate, and the

OPTI-TWIST prototype. In the randomized system, all possible sensor placements given a

fixed budget of sensors are computed to demonstrate the near optimality of our approach.

Next, we investigate reconstruction of temperature fields in 2D heat diffusion with a con-

stant heat source, a simplified model of the OPTI-TWIST heater. Uncertainty analysis is

conducted on noisy measurements for varying signal-to-noise ratio (SNR). Using constrained
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optimized sensor placement with our approach, we reconstruct, with minimal error, the flow

field inside OPTI-TWIST—in comparison to randomly selected sensor locations.

3.6.1 Discrete Random State Space System

We first demonstrate the near optimality of constrained QR pivoting by using a low-dimensional

linear time-invariant (LTI) system. The dimensionality of this system is small enough to enu-

merate all possible placements in order to empirically compare the constrained QR place-

ments with the optimum placements. Consider the following LTI system:

ẋ = Ax+Bu x ∈ Rn,u ∈ Rq (3.22a)

y = Cx y ∈ Rp (3.22b)

with randomly generated system A, measurement C, and actuation B matrices sampled

i.i.d. from a normal distribution, n = 25 states and p = q = 25 randomized measurements

and actuators, respectively. x, u, and y represent the state, input, and output vectors,

respectively. We empirically studied the optimality of our proposed algorithm by computing

all possible r = 7 sensor selections, leading to a brute force search of
(
n
r

)
= 480, 700 choices

of S. The log determinant of SΨr was evaluated for all possible combinations of the seven

sensors, then binned into the histogram shown in Figure 3.2a. This computation is only

tractable for a small state dimension—as even for n = 100, the brute-force search results in

O(1010) complexity. The optimization outcome (determined via Equation 5.12) for sensors

selected using the QR pivoting approach is represented by the solid black line in Figure 3.2a.

This sensor selection is observed to be nearly D-optimal, exceeding 99.74% of all candidate

placements.

We studied region-constrained pivoting by allowing only s ≤ 2 sensors to be selected

from the first sc = 5 components of the state (the constraint region). A brute-force search

across all possible combinations of s sensors in the constraint region (and r − s elsewhere)

was carried out, resulting in (n−sc)!
(n−sc−(r−s))!(r−s)!

sc!
(sc−s)!s!

= 155, 040 possible combinations in

selecting the seven sensors binned in Figure 3.2b. Figure 3.2b compared our first strategy
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(a) Unconstrained QR pivoting

(b) Region-constrained QR pivotingN
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Figure 3.2: Enumeration of log det(SΨr)
T (SΨr) (X-axis) over all possible placements of 7

out of 25 candidate locations (100,000-500,000 possible placements binned into histograms).

The introduction of constraints into QR optimization results in a log determinant that is

near optimal (optimum shown in red) for the three types of constraints.

(i.e., placing exactly s = 2 sensors in the constraint region in the first two iterations of

pivoting (dotted line)) with another strategy in which a maximum of two sensors were
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allowed in the constraint region throughout the pivoting procedure (dashed line). Our exact

approach has a log determinant exceeding 99.78% of all possible region-constrained sensor

placement options, while the max approach is observed to exceed 99.87% of all possible

combinations. Thus, both approaches provide a near-optimal subset of region-constrained

sensors for reconstruction.

In predetermined sensor placement, a specified number s of sensors were selected in ad-

vance, leaving the algorithm to optimize those that remain. Our strategy runs unconstrained

QR pivoting to select the first r − s pivots (sensors), then selects the predetermined sen-

sors in the remaining s pivoting iterations. The results of the log determinant objective

evaluated for our optimization strategy (dashed line) are compared against a brute force

search across all possible candidate placements that contain the two predetermined sensors

reflected in Figure 3.2c. Our strategy outperforms 99.99% of all possible placements, exhibit-

ing near-optimal solutions. These results show that the introduction of constraints results

in minimal distance to the true optimum. We analyze the negligible effect of this distance

on the reconstruction error

Relative reconstruction error(ϵ) =
∥x−Ψr(SΨr)

†y∥2
∥x∥2

× 100. (3.23)

We compared the reconstruction achieved via each set of constrained QR sensors with sensor

placements sampled from the mean of the log det distributions. (These represent the most

likely sub-optimal sets to be chosen at random.) The reconstruction error for each of these

randomly placed sensors was then calculated (see the blue violin plots in Figure 3.3, where the

green square and circle reflect the reconstruction error of the QR-selected sensor locations

for the different constraint cases). Random sensor placements with a sub-optimal log det

objective fall between 31 and 32, resulting in a highly inaccurate relative reconstruction

error (ϵ) between 30 and 350. The QR-optimized strategy for unconstrained/constrained

sensor placement results in significantly lower reconstruction error ϵ ∼ O(10−15):

We conclude that the proximity between the brute-force optimum and our greedy place-

ments produces negligible loss in reconstruction performance. Vastly sub-optimal random
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Figure 3.3: Proximity between the brute-force optimum and QR selected sensors for uncon-

strained, region-constrained, and predetermined sensor placement leads to orders of mag-

nitude lower reconstruction error (ϵ ∼ O(10−15)) compared to random placements. Incor-

porating constraints results in accuracy comparable to that of the optimal placement (red

stars).

placements illustrate the inverse relationship between the objective function and perfor-

mance: the lower the log determinant, the higher the reconstruction error. However, this

system was randomly generated, and the dynamics do not evolve according to localized fea-

tures in state space that allow one sensor to capture information on spatially correlated

states. Next, we demonstrate the algorithm on a heat diffusion model that allows for spatial

and physical interpretation of the resulting sensors.
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(a) Ground Truth (b) QR ϵ = 0.0064 (c) Exact,Max ϵ = 1.5085 (d) Distance ϵ = 0.0103

(e) QR (f) Exact,Max (g) Distance

Figure 3.4: Uncertainty heatmaps (e,f,g) correspond to placements/reconstructions (b,c,d)

respectively. Reconstruction of the temperature field at t = 1000, based on the different

constraints demonstrate that constraining sensors far away from the heater region result in

higher reconstruction error (c,d) and higher uncertainty (f,g) than unconstrained optimiza-

tion (b,e) respectively, which favors sensors adjacent to the heat source.

3.6.2 2D Heat Flow through a Thin Plate

Temperature fields are reconstructed via constrained/unconstrained sensor placement in a

2D plate undergoing thermal diffusion from a heat source, based on a simplified model of the

OPTI-TWIST diffusion. Temperatures at the boundaries are fixed at 100°C at x = 0, and

36°C elsewhere in ∂D. The initial temperature throughout the domain D at t = 0 is also
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36°C. Heat transfer from the heat source over the domain is governed by the heat equation

ut = α(uxx + uyy) x, y ∈ D

u(x, y, t) = 36 x, y ∈ ∂D \ x = 0

u(0, y, t) = 100

(a) Pre ϵ = 0.0127 (b) Pre ϵ = 0.0111

(c) Pre (d) Pre

Figure 3.5: Two different pre-determined sensor layouts (a,b-shown in green) may lead to

similar reconstruction errors (a,b) but increase reconstruction uncertainty (d) when sensors

are distant from QR-optimal locations (c).
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(a) Rank 10 model (b) Rank 20 model

(c) Leading POD modes by energy contribution. (d) Uncertainty in âk estimates rise as SNR decreases.

Figure 3.6: Uncertainty estimation reveals rank 10 models are not sufficiently descriptive of

dynamics after t =100s (a) under noisy measurements. A higher rank 20 approximation is

required (b) despite the leading 10 POD modes capturing 99% of the energy (c). Predicted

statistics of the estimated coefficients, such as the standard deviation 3σ (green) and mean

(red) effectively bound the estimated â0 under increasing noise.

where u is the desired temperature and α = 2 (mm2/s) is the thermal diffusivity constant.

The solution of the partial differential equation is simulated for 1000 time steps using finite

differences with ∆x,∆y = 1 and ∆t = 0.125. We reconstruct the temperature fields and

analyze the uncertainty in reconstruction of each pixel due to adding i.i.d. Gaussian noise

η ∼ N (0, 0.01) to the measurements for the unconstrained, constrained (Figure 3.4), and
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predetermined optimized sensor placements (Figure 3.5). A total of r = 10 sensors are

selected for reconstruction, and s = 2 sensors are allowed in the constrained region or are

predetermined. Distance constraints impose a Euclidean distance of at least 2 between

selected sensors.

Similar to the nuclear OPTI-TWIST (subsection 3.6.3), optimized placements favor sen-

sors near the heat source. Constraining sensors away from the heat source results in higher

reconstruction errors and uncertainty than unconstrained optimization. In this example,

both region-constrained max and exact (s = 2 within x < 10) optimization result in identical

sensor placements (Figure 3.4c), with only two sensors near the heat source. This results in

higher error because of high-energy modal contributions adjacent to the heater (Figure 3.6c).

Removing heater adjacent sensors results in higher uncertainty of approximately 10°C near

the heater (Figure 3.4f). The distance-constrained sensor placements, which also placed

six sensors near the heat source, result in the lowest reconstruction error under constraints

(Figure 3.4d). When predetermined sensor locations are close to the unconstrained optimal

locations as in Figure 3.5a, the reconstruction errors and uncertainty are low (Figure 3.5c).

Optimized sensor locations (unconstrained) are placed along the propagating wavefront, as

in the two rightmost sensors. Fixing predetermined sensor locations away from this wave-

front results in a noticeable increase in reconstruction uncertainty in the right half of the

domain (Figure 3.5d), and strengthens the case for data-driven placement strategies. The

optimized sensors reflect the highest energy amplification in the POD modes, which occur

near the heat source (Figure 3.6c). The leading POD modes capture this diffusion of heat

from the heat source boundary to the rest of the domain (Figure 3.6c). Approximately 96%

of the cumulative energy is captured by the leading two POD modes, while the remainder

capture only 4%.

Gappy POD was used to estimate the rank 10 and rank 20 model coefficients from

noisy measurements (test dataset of 500 snapshots), and compare estimation errors with

our predicted uncertainty analysis to test the descriptive capability of the different rank

truncations. The standard deviations σi computed from the diagonal entries of the covariance
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matrix Σii measures the uncertainty in predicting the ith component. Approximately 498.5

out of 500 reconstruction errors should lie within 3σi of the mean. As more modes are

included in the POD approximation, the selected sensors capture more information about

the underlying physics of heat diffusion. As seen in Figure 3.6, the rank 10 POD model fails

to capture the underlying physics after time interval t = 100, whereas the rank 20 model is

more descriptive of the dynamics over a longer time interval t = 500. With more modes and

sensors, the error covariance in each component narrows and the 3σ bounds become tighter.

When clean measurements or ground truth coefficients are unavailable, bounds on distri-

butions of estimated â are useful to inform recalibration of digital twins. The uncertainty

estimation for any POD coefficient, for example â0, can be bounded using the predicted

standard deviation or 3σ (Equation 3.21, shown in green in Figure 3.6d) and mean (Equa-

tion 3.19, shown in red in Figure 3.6d). As the SNR decreases, the dynamics of heat diffusion

are corrupted by noise, resulting in wider distributions of the estimated state. Note that

predicted uncertainty bounds are more accurate at higher noise levels due to numerical rank

approximation error overwhelming the low noise contribution to error. In other words, un-

certainty analysis is more accurate under larger ratios of measurement noise to model error.

In summary, when uncertainty in sensor measurement is known, this framework enables

estimation of the expected error distribution as a function of measurement noise, as well

as study of the growth in error as the sensor noise increases. When sensor uncertainty is

unknown, filtering and Bayesian inference techniques may be used for uncertainty quantifi-

cation with these linear embeddings. The developed algorithm can handle reconstruction of

flow fields in the presence of constraints and noise with high accuracy. Uncertainty analy-

sis of predicted states plays a key role in detecting erroneous readings in digital twins. In

the next example we reconstruct temperature flow field for a gravitational advection driven

physical system, OPTI-TWIST.
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(a)Truth (b)Random (c) QR (d) Constrained (e)Random (f) QR (g)Constrained

Figure 3.7: Unconstrained optimization places sensors near the heater region (c), resulting

in highly accurate reconstruction with ϵ = 0.168 (a), with constrained optimized sensors

resulting in comparably high accuracy ϵ = 0.174 (d). Random sensor placement (b) results

in inaccurate reconstructions (ϵ = 25.24) and large estimation uncertainty (e) compared to

that of optimized sensor locations (f,g).

3.6.3 Steady-state Simulation of the OPTI-TWIST Prototype

The next example follows the new design paradigm suggested by digital twins. In traditional

design practice, modeling and simulation insights are often leveraged at the experimental

design stage in order to build physical models and place sensors. However, limitations re-

garding space, installation, cost, and signal fidelity of the experimental device pose challenges

in deploying the desired number of sensors. Our holistic approach integrates experimental

constraints, Computational Fluid Dynamics (CFD) simulations, and optimization objectives

(reconstruction) in a principled way to optimize the placement of sensors in the design phase

of the digital twin.

Here, our sensor placement optimization is demonstrated on the OPTI-TWIST prototype,

which is electronically heated to mimic the neutronics effect of TWIST prior to insertion into

a reactor at INL. Temperature is the field of interest, and point thermocouples will be used
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as the sensors. The OPTI-TWIST prototype was designed to simulate thermal-hydraulics

behavior of TWIST during irradiation in the reactor, as well as to measure the effect of loss of

coolant on the fuel rodlet temperature. In OPTI-TWIST, the fuel-rod specimen is replaced

by an instrumented electric cartridge heater, and loss of coolant is controlled by a quick-

opening valve at the bottom of the capsule. To provide the temperature fields necessary

to train the sparse sensing algorithm, a simplified 2D CFD model of the OPTI-TWIST

geometry is developed using StarCCM+ (Figure 3.8) [125].

(a) Schematic

Heat Source

Heater Region

(b) Mesh

Figure 3.8: The axial symmetry of the OPTI-TWIST is exploited by simulating only half

the domain as the cartridge heater is placed at the center of the capsule. The geometry and

mesh reveal richer dynamics near the heater region.

The CFD model accounts for steady-state turbulent natural circulation conditions, in-

cluding two controlled parameters: heater power (q̇) and outer surface temperature (Tsur).

These two controlled parameters (i.e., heater power and surface temperature) were varied,
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(a) Leading POD modes and energy contribution.

(r)

(b) Error Study

Figure 3.9: An informed trade-off between reconstruction accuracy and number of sensors is

possible for QR optimized sensors. The leading POD modes capture 99% of energy content

and just 5 sensors are enough to obtain a accurate reconstruction with ϵ ∼ O(10−1) (a). QR

selected sensor accuracy increases with an increase in the number of sensors as compared to

random placements that produce orders of magnitude larger relative reconstruction errors

(b).

while keeping the initial temperatures (T0 = 300K) and the system pressure (Psys = 2250psi)

constant throughout. The data are comprised of 49 steady-state temperature fields resulting

from seven heater powers and surface temperatures uniformly sampled at 350–650W and

240–420K, respectively. The convergence criterion was the maximum liquid temperature,

which showed negligible fluctuations after 2000 time steps. First, our optimization is run

on the steady-state temperature fields, resulting in the unconstrained optimal placement

shown in Figure 3.7c. Unconstrained optimization selects three sensors near the heater

(Figure 3.7c); however, space restrictions make these heater-adjacent locations experimen-

tally infeasible. Enforcing sensor constraints to lie outside the heater region results in a

reconstruction error of ϵ = 0.174—an increase of only .006. Figure 3.7b contrasts these

optimized sensor reconstructions with ensembles of randomly placed sensors. Observe that

ϵunconstrained < ϵconstrained ≪ ϵrandom, i.e. placing sensors in random locations leads to signifi-
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cantly larger reconstruction errors (Table 3.2).

Gaussian i.i.d. noise η ∼ N (0, 0.01) is added to the measurements to analyze the uncer-

tainty heatmaps in reconstruction of the true temperature profile. Removing sensors from

heater-adjacent locations leads to an increase of approximately 0.5K in the uncertainty in

reconstruction of the flow field close to the heater (Figure 3.7g) compared to uncertainty re-

sulting from unconstrained sensor placement (Figure 3.7f). The uncertainty in reconstruction

is higher by 40-50K throughout the domain when sensors are placed randomly (Figure 3.7e).

Stratified contours of reconstruction errors occur where random sensors fail to accurately

capture the transition between hot and cold (Figure 3.7b). Therefore, randomly placed sen-

sors fail to capture heater-correlated fluctuations and result in higher reconstruction errors

and uncertainty.

The leading two POD modes, which drive approximately 99% of the energy content,

capture the heat advection from the heat source. Thus, only five sensors—corresponding

to the first five POD modes—are required to reconstruct the flow with high accuracy. The

cumulative energy content, along with a visualization of the first three PODmodes, is given in

Figure 3.9a. These PODmodes capture the interfaces between lower and higher temperatures

as the advection flow progresses for different operating ranges. Sensors placed at random

locations fail to capture the underlying physics of the system. Increasing the number of

Sensor Placement Optimization Objective Reconstruction Error (ϵ)

Unconstrained 5.432829081027846e-10 0.168

Constrained 4.534195929074569e-11 0.174

Random 1.026196077627373e-12 25.24

Table 3.2: Summary of the relative reconstruction error (ϵ) and optimization criteria

(log | detSΨr|) for sensor placement given in Figure 3.7.
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random sensors selected does not significantly improve the reconstruction of the flow field.

An ensemble of sensors placed at random locations produces large relative reconstruction

errors that average approximately 35 as the number of sensors is increased from 5 to 30,

as seen in Figure 3.9b. Random placement of sensors increases the reconstruction error by

ten orders of magnitude. The random placement strategy alludes to data-agnostic sensor

placement at best-guess locations for reconstructing temperature fields.

Unconstrained optimization favors locating sensors close to the heat source, due to the

richer dynamics that exist there. Imposing sensor constraints within QR results in a near-

optimal placement outside this region, as well as negligible loss of reconstruction performance.

Moreover, the error decreases with more optimized sensors (unconstrained or constrained);

however, random placements still suffer from high error even with additional sensors. There-

fore, placing or adding sensors without optimizing them in regard to the underlying flow or

deployment constraints can introduce large errors in the corresponding digital twins espe-

cially in the presence of noisy sensor measurements—and may even cause sensor damage.

Incorporating such considerations prior to setting up a physical experiment enables precise

uncertainty quantification and helps validate the predictions of a digital twin.

3.6.4 Transient Simulation of the OPTI-TWIST Prototype

Analyzing the effect of power transients on reactor core coolant temperature, pressure, and

velocity is essential for real-time safety monitoring and control of a nuclear reactor. Here, we

optimize sensor placements to capture the dynamics of the heat flow when the heater power

is varied as a transient. During transients it is essential to capture the instance when sensor

readings start diverging from predicted metrics in the presence of noise. This can signal the

need for model recalibration and can prevent accidents caused by power surges at a nuclear

facility. The data is obtained from the 2D CFD model described in subsection 3.6.3 which

runs for 600s, and is comprised of 1000 temperature fields sampled at every 0.6s. The heater

transient power profile P (t) can be described by
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(a) Rank 10 model (b) Rank 20 model

(c) Increasing uncertainty in estimation of âk

with a decreasing SNR.

(d) Increase in estimation errors with a decreas-

ing SNR.

Figure 3.10: (a) Uncertainty estimation reveals that a rank 10 model is not sufficiently

descriptive of dynamics after t =300 under sensor noise. The rank 20 approximation (b)

is valid over a longer time horizon of 500s of test data. As the SNR decreases, (c) POD

coefficient variance increases, which propagates to an increase in uncertainty of estimation

errors (d).

P (t) = Po, if t ≤ t1,

P (t) = Po +
P2 − Po

t2 − t1
∗ (t− t1), if t1 ≤ t ≤ t2,

P (t) = P2, if t2 ≤ t ≤ t3,

(3.24)
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where Po = 10W,P2 = 250W, t1 = 200s, t2 = 2t1and, t3 = 3t1. Similar to the steady state

temperature profile, richer dynamics are located in heater adjacent regions (Figure 3.11a).

The unconstrained sensor layout shows a number of sensors near the heater (Figure 3.11c),

however due to spatial constraints all sensors must be located away from the heater (Fig-

ure 3.11b). The increase in reconstruction error due to imposing constraints is as low as 1%.

The algorithm is trained on the first 500 timesteps and reconstructs the temperature profiles

at the last 500 timesteps from optimized sensors readings with additive i.i.d . Gaussian noise

η ∼ N (0, 0.9).
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(a)Ground Truth (b)Constraint (c) QR

Figure 3.11: Heater-adjacent temperature fluctuations result in (c) sensors optimized close

to the heater and a corresponding low reconstruction error ϵ = 1.026. When constraints

are imposed, sensors are placed outside the green constraint region (b), resulting in higher

reconstruction error ϵ = 2.042.
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We study the reconstruction uncertainty using the predicted distribution of estimation

coefficients in section 3.5. As shown in Figure 3.10, the rank 10 gappy POD model is

insufficient to characterize the transient behavior in test data and reconstruction errors

increase beyond the established bounds at t = 200s, whereas the rank 20 model captures

the dynamics more effectively over the entire time horizon. When information regarding the

true state is available, model recalibration can be signaled by bounds established for the

error distribution in the presence of increasing noise (Figure 3.10d). When true coefficients

are unavailable, the bounds established for the distribution of estimated POD coefficients âi

can be used to flag erroneous readings. This uncertainty estimation of the flow field during

transients ensures safe operating conditions during experimentation and testing of nuclear

reactors.

3.7 Conclusion and Outlook

The reconstruction of reactor core flow fields using a limited budget of sensors has emerged

as a critical enabler for real-time monitoring of nuclear assets. However, achieving near-

optimal sensing in high-dimensional real-world systems extends beyond the nuclear industry

and encompasses diverse fields such as biology, physics, aviation, and automotive industries.

Engineering systems are subject to different constraints and limitations on sensors, making

the selection and optimal placement of sensors while considering these constraints a crucial

aspect of algorithm development. In this study, we have developed strategies for placing sen-

sors to satisfy constraints related to sensor proximity, regional limitations on sensor quantity,

and design or user prescribed locations. Through these strategies, we have demonstrated the

effectiveness of adaptive sensor placement in satisfying constraints while maintaining op-

timality and accuracy of the reconstructed responses of interest. Moreover, we showcase

the scalability and broad applicability of the algorithms on a variety of applications and

constraints.

Nevertheless, more complex constraints may arise in nuclear, fluid, or aerospace applica-

tions in which the capability to achieve flow reconstruction based on sparse measurements
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is indispensable. For instance, in each reactor region the maximum number of allowable

sensors is usually design-specific and cannot be exceeded. Moreover, an emerging practice

during nuclear fuels tests is the use of distributed sensors (e.g., fiber-optic sensors or mul-

tipoint thermocouples). In fiber bragg grating (FBG), the refraction index changes along

the sensor length and provides distributed measurements. Designing fiber optic sensors—

which act as line sensors with different measurements at each point—is a novel challenge,

as line sensors can be topologically shaped along various structures in engineering systems.

Optimizing such topologies is another future direction for adaptive sensor placement. Fiber

optic bundles are used for recreating high-quality images in both nuclear engineering and

neuroscience. Optimizing the locations for these bundles to capture the best quality images

is another interesting research direction.

Furthermore, it might be very costly to place sensors in certain areas of the reactor, due

to the need for specially designed sensors capable of withstanding harsh working conditions.

Other areas may entail spatial constraints. Thus, multi-objective optimization based on

optimizing the sensor cost, spatial locations, as well as predicted dynamics will be essential.

Time-dependent dynamics and the study of transients is invaluable in the nuclear field.

Sensor placement based on time-dependent data from OPTI-TWIST and the use of dynamic

mode decomposition or a nonlinear embedding such as autoencoders can help generalize

to new physics scenarios, and will require new uncertainty estimates that can handle bias

inherent to these types of models.

The ultimate goal is to extend the algorithms to inform users of optimal locations and

timesteps to collect spatiotemporal sparse measurements to reconstruct core flow profiles

during power transients. This should naturally evolve to the capability of performing optimal

sensor placement for multi-class classification, where the algorithm must select the sensor

network capable of predicting which accident scenario is more likely to occur faster than

real time. Examples of such accident scenarios include Loss of Coolant Accident (LOCA),

Reactor Initiated Accidents (RIA), and loss of power. These scenarios can be easily realized

in a non-destructive fashion within the TWIST prototype by opening a valve, or suddenly
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shutting the heater power off. Data-driven sensing frameworks have the potential to identify

sensor maps capable of detecting off-normal conditions, anomalies, and injected signals,

enhancing resilience and security of the physical twin against cyber-attacks.

In the next chapter, we demonstrate the application of the constrained sensing and uncer-

tainty estimation methodology to nuclear power plant components such as a steam generator,

fuel capsules, and rodlets, to reconstruct heat flux, pressure and velocity.
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Chapter 4

EXTENDING CONSTRAINED SENSOR OPTIMIZATION FOR
MULTI-PARAMETER MONITORING IN NUCLEAR POWER

PLANTS

Sensors and instrumentation are indispensable for nuclear power plants (NPPs) as they

play an important role in nuclear safety, remote monitoring, model predictive control, as

well as regulatory and reliability considerations. A typical pressurized water reactor (PWR)-

type NPP consists of various systems, structures, and components such as the fuel, control

rods, moderators, coolants, pressurizers, heat exchangers, steam generators, and condensers.

These components function together to typically comprise the four subsystems within the

NPP: reactor vessel, steam generator, coolant subsystem, and pressurizer subsystem, which

require continuous monitoring and control. Accurate measurements and real-time data

streaming capabilities of critical process responses such as power, coolant levels, temper-

ature, velocity, pressure, neutron distribution are severely limited.

A nuclear fission chain reaction takes place in the reactor core, which contains the fuel,

moderator, coolant, and control rods. Monitoring neutron flux is crucial for maintaining

reactor power stability and controlling the reaction. The reactor core monitoring system uses

neutron flux sensors to monitor core neutron flux under normal operation. It also detects

conditions in the core that threaten the overall integrity of the fuel barrier due to excessive

power generation. In PWRs and boiling water reactors (BWRs), ionization chambers and

self-powered neutron detectors are used [126]. Temperature sensors such as thermocouples

(TCs) and resistance temperature detectors (RTDs) monitor the core temperature to prevent

overheating and ensure optimal performance [127].

The heat released by the nuclear reaction must be transferred from the fuel by the pri-
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Figure 4.1: Optimized sensor placement in individual sub-systems of nuclear power plants

allows real-time two-way communication between physical asset and it’s digital twin.

mary coolant to maintain the fuel cladding temperature limit. In a PWR-type NPP, heat

from the primary coolant is transferred to the secondary coolant in a steam generator to

produce steam. Steam is then used to spin a turbine to generate electricity or for process

heat applications.Within the coolant circulation system, ultrasonic and electromagnetic flow

meters are used to measure coolant flow rates, ensuring proper cooling of the core [128]. Dif-

ferential pressure transmitters and pressure gauges monitor the pressure within the coolant

loop, preventing leaks or ruptures [112]. The heated coolant is used to generate steam that

drives a turbine for electricity generation, as shown in Figure 4.1. In the steam generation

and turbine system, microwave-based steam quality sensors assess the quality of steam gener-

ated, ensuring optimal efficiency in electricity production. Accelerometers and displacement

sensors monitor turbine vibrations, preventing mechanical failures and ensuring operational

safety.

Throughout the NPP, the radiation monitoring system is critical for personnel safety and

environmental protection. Gamma and alpha/beta detectors detect and measure radiation

levels in different areas of the plant. Sensor placement for control design and fault diagnosis

of NPP subsystems is an integral part of instrumentation and control [129]. However, the

complexity of the underlying physics, coupled with the constraints on sensor placements
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and their quantity, makes this task highly challenging [52]. To overcome these challenges,

a directed graph-based approach based on observability and fault resolution is proposed to

optimize sensor locations for efficient fault identification [130].This technique was extended to

optimize sensor locations for anomaly detection and isolation in process systems, devices, and

instrument channels [54].Another approach uses Bayesian networks for sensitivity analysis

of available instrumentation and control components [131]. A technique employs principal

component analysis for sensor fault detection and isolation in NPPs [132]. Information

on the axial and radial flux distribution in the core of the reactor is essential to alert the

operator regarding abnormal or unexpected occurrences in the core. An approach determined

optimal sensor locations to inform instrumentation of the in-core systems by representing

the nuclear reactor as a linear stochastic distributed parameter system [133]. The next

generation of NPPs is expected to include fiber-optic and wireless sensors due to extreme

core temperatures; thus, determining optimal sensor networks and configurations of fiber-

optic cables are essential research areas [134].

In NPPs, the implementation of optimally positioned sensors within distinct units such as

steam generators, reactor fuel capsules, and other downstream components is paramount for

enhancing the efficacy and safety of operations. This integrated approach not only facilitates

robust monitoring and reactor control but also minimizes the need for human intervention,

thereby elevating both safety and operational efficiency [135]. Optimal sensor deployment

across critical components enables the collection of vital real-time data that mirrors the

dynamic processes occurring within the physical assets of the plant. This data is crucial

as it feeds into the digital space, where sophisticated reduced order models recreate the

operational dynamics of the plant. By providing a precise and continuously updated repre-

sentation, the digital twin allows for the accurate reconstruction of operational fields and aids

in differentiating between authentic operational signals and noise interference. For instance,

sensors placed in the reactor core can monitor critical metrics like temperature changes, while

sensors in steam generators assess fluid dynamics and heat transfer efficiencies, ensuring that

the virtual model accurately reflects the cooling performance.
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This work leverages computational models developed for nuclear subsystems to apply

a constrained data-driven sensor optimization approach [136] to establish instrumentation

during the design stage of NPPs. Our target application is the reconstruction of fields of

interest from optimized sensor measurements of temperature, pressure, velocity, and heat

flux during the service phase. The optimized sensors under constraints are demonstrated

to provide highly accurate reconstructions, and uncertainty estimates under noisy measure-

ments for high-dimensional fuel irradiation, various boiling regimes, and flow distributions

in a steam generator. Our algorithm provides physics-revealing, interpretable models for

flow field reconstruction, which can be used for the licensing, safety analysis and diagnosis

of NPPs.

This following section details the models and simulations used for reactor vessels, fuel

capsules, and steam generators, outlines the constraints of sensor instrumentation in each.

The developed constrained sensor placement approach is applied to optimally distribute

sparse sensors within these systems. Finally, uncertainty estimates are described under

noisy sensor measurements to provide evaluation metrics for a certain sensor configuration.

4.1 Modeling and Simulation for Reactor Components

In this section we describe the physics models and simulations of reactor components that

take into account boundary conditions, operation parameters, and experimentation regimes.

These models are used as data for sensor placement in the design stage to leverage low-

dimensional structure in the data for constrained, sparse sensing.

4.1.1 3D Modeling of Fuel Capsules

This case study will optimize TC locations for accurately predicting the TRISO fuel temper-

ature for an irradiation experiment being placed in the northeast flux trap of the advanced

test reactor (ATR) at INL. The experiment comprises several capsules, each of which is

equipped with its own temperature control and fission gas monitoring systems. The temper-

ature control is achieved by real-time temperature measurement using TCs and through the
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flow of different composition gas blends (a helium-neon mixture) for temperature adjustment.

Figure 4.2: Irradiation of TRISO fuel experiment in the

advanced test reactor.

To ensure independent temper-

ature control for each capsule, a

stainless-steel wall pressure bound-

ary and bottom and top caps are

used for physical separation. Two

types of fuel pellets will be irradi-

ated: solid and annular. The pur-

pose of irradiating annular fuel is to

get accurate temperature measure-

ments as the solid fuel does not al-

low TC penetration. Fuel temper-

ature must be derived from the surrounding graphite holder temperature measurement. If

the TC positions in the holder are optimal, fuel temperature can be traced accurately. The

annular fuel TCs then serve another function: comparison of the derived and measured fuel

temperatures. Figure 4.2 shows the cross-section view of one of the annular fuel capsules. In

the capsule, TCs will be inserted into the graphite holder or the center hole of the annular

fuel.

The capsule wall has a uniform inner diameter larger than the holder thus leaving a

convective heat gap between the holder and the capsule. The desired temperature of the

fuel is achieved by adjusting the gap size. The convection influence on the fuel temperature

evaluation has been investigated by a STAR-CCM+ simulation using a 2.54 mm (a bounding

size that will not be exceeded) gap. As the temperature difference with or without convec-

tion is less than 1 K, without convective heat transfer, the experiment can be modeled by

Abaqus, a finite element code. The fuel generates both neutron and gamma heating while

the non-fuel parts generate only gamma heating. Analysis of these heating regimes are ob-

tained by the reactor physics analysis. Forced convection cooling outside the capsule wall
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Figure 4.3: OPTI-TWIST RELAP nodalization for simulating thermal-hydraulic behaviour

of test fuel rods.

is simulated through a convective (Neumann) boundary condition. The gas gap is affected

by the holder and capsule thermal expansions and irradiation induced graphite dimensional

change. The in-situ influence has been considered in the GAPCON subroutine of Abaqus.

After obtaining the temperature field, this data is utilized to determine the optimal radial

and axial coordinates for thermocouples, ensuring they are constrained within the holder to

accurately reconstruct the fuel temperature.
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4.1.2 Lumped-Parameter Model of OPTI-TWIST

The OPTI-TWIST (Out-of-Pile Testing and Instrumentation Transient Water Irradiation

System) is an electrically heated system to prototype TWIST, a nuclear fuel test vehicle.

OPTI-TWIST tests instrumentation that is used to qualify nuclear fuel under accident sce-

narios, like a loss of coolant accident (LOCA) or a reactivity insertion accident. Monitoring

temperature through optimally placed TCs in OPTI-TWIST eliminates complications of irra-

diation effects while preserving extreme thermal-hydraulic conditions. A lumped-parameter

code, the Reactor Excursion and Leak Analysis Program (RELAP5-3D) [137], was used to

model the system’s thermal-hydraulic parameters under transient operation.

Figure 4.3 shows the RELAP nodalization of OPTI-TWIST. The system (not drawn to

scale) is made up of two cylindrical pressure vessels connected by a quick-acting blowdown

valve to simulate a break in a LOCA. The model assumes axis-symmetric conditions. Hydro-

dynamic volumes capture the fluid parameters at various elevations, while heat structures

represent the solid internal and external walls. The electric surrogate fuel rod is seen to be

vertically discretized but also radially discretized to represent the larger thermal gradients

present. Spatial constraints are imposed on sensor placement in the heater region due to

restrictions on the number of TC’s that can be placed within the compact heater. Data that

captures the evolution of thermal gradients through the transient can be used to determine

constrained TC locations.

4.1.3 1D Python Model of Steam Generator

Investigation of the thermal-hydraulic performance of the steam generator is essential for

reactor normal operations and reactor safety during transients. Modeling and analyzing

the single-phase liquid water flow (natural circulation) on the primary side and single-phase

liquid water flow, subcooled boiling, saturated nucleate boiling, dispersed flow film boiling,

and single-phase vapor/steam flow on the secondary side and the transition between these

flow regimes is essential in predicting the SG performance. A Python code which uses 1D
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Figure 4.4: 1D Model of a steam generator which empirically simulates boiling phenomena

occurring in the SG at different heights.

grids to discretize the long SG tubes into thousands of intervals and models phase transition

regimes along the SG height, is developed for the thermal-hydraulic analysis of a vertical

shell once through steam generator (OTSG) for a PWR.

The code starts the calculation from the bottom of the SG (first computational node),

with an initial guess of the primary-side outlet temperature. Through these known fluid

properties the boundary conditions for the second interval and the SG’s overall heat transfer

coefficient can be calculated from the effectiveness-NTU method. After looping through all

computational nodes/intervals, the primary-side inlet temperature can be obtained and con-

vergence criterion depends on difference between the computed value and the input parameter

Monitoring phase transition within the steam generator tubes through optimal locations of
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TC’s, pressure taps and heat flux sensors along the height of the SG while considering spatial

constraints is enabled through this 1D code.

4.1.4 3D CFD Model of Steam Generator

The previous 1D models nodalize and oversimplify fluid flow in the SG to 1D flow paths

and sensor locations can only be determined along the height. Computational fluid dy-

namics (CFD) models in 3D are superior to their 1D counterparts in capturing the spatial

distribution of velocity, pressure, and other fluid properties throughout the entire domain.

This results in a more precise and detailed sensor optimization that captures flow phenom-

ena such as turbulence, boundary layer effects, and fluid interactions with solid boundaries.

Monitoring the flow distribution in the upper shell/plenum of the SG plays a critical role in

Riser Upper Shell SG Tubes

Quantity 1 1 32

Inner Diameter (m) 0.021 0.257 0.013

Outer Diameter (m) 0.033 - 0.016

Length (m) 1.828 0.610 1.828

Figure 4.5: 3D CAD of the primary side which models 1/4th of the steam generator.

predicting and preventing potential accidents that could jeopardize the structural integrity

of the nuclear reactor. While multiple sensors can be mounted in the region of interest, they

can impact the flow distribution and lead to high costs. Temperature distribution within

the primary riser and secondary tubes is another field of interest captured through ther-

mocouples. For temperature measurements, one of the SG tubes can be replaced with an

instrumented tube. Ideally, multiple temperature measurements can be performed along the

SG tube. However, the space available for the probes is constrained by the tube size and

only a few sensors can be placed along it. Minimizing the number of sensors and strategically
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Boundary Conditions

Inlet Mass flow rate 0.1 to 3 kg/s

Outlet Pressure outlet Constant

Raiser Wall: No Slip Heat flux

Tubes Wall: No Slip Heat flux

Upper plenum Wall: No Slip Adiabatic

Mesh

Mesh type Polyhedral Base size: 1 in.

No. prism layers 3
Prism Layer

Prism layer thickness 25%

Figure 4.6: Discretization of SG geometry using a polyhedral mesh and boundary conditions

generated in Star-CCM+.

placing them to capture the data required to provide insights into the flow distribution and

thermal gradients is necessary.

Due to the large size of the SG, the geometry was simplified by excluding the shell’s

walls, baffles, lower head, etc. Instead, only the fluid volume of the upper shell, 1.828 meters

(72 inches) of the riser’s length, and partial tube length (1.828 meters) are modeled. The

geometry’s fluid domain is further reduced by modeling only a quarter of the steam generator,

as illustrated in Figure 4.5 to reduce the computational cost of the CFD models. Figure 4.5

summarizes the dimensions used to generate the CAD model.

The geometry is discretized using a polyhedral mesh as illustrated in Figure 4.6. The inlet

has a Mass Flow Rate boundary condition, while the tubes have a Pressure Outlet boundary

condition. For purposes of this analysis, an adiabatic boundary condition is imposed on the

outer walls of the upper shell. However, a Convection boundary condition is assigned to the

riser and tubes. A summary of the assumed boundary conditions is presented in Figure 4.6
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along with the mesh settings.

4.2 Constrained Sensing Results

This section illustrates the optimization of sensors for reconstructing key fields within the

reactor and steam generator subsystems of the NPP. We account for various constraints

arising from working conditions, manufacturing considerations, and spatial limitations during

optimization. Our focus lies on reconstructing temperature, pressure, velocity, and heat flux

within a steam generator, a TRISO fuel irradiation experiment, and an electrically heated fuel

rod prototype capsule (OPTI-TWIST), using thermocouples, pressure taps, velocity probes,

and heat flux sensors as described in section 4.1. We achieve minimal error in reconstructing

the target response compared to randomly selected sensor locations and conduct uncertainty

analysis on noisy measurements.

4.2.1 1D Steam Generator Model

Figure 4.7: The secondary side temperature, flux, and pressure can be accurately recon-

structed with minimal reconstruction uncertainty using only 3 QR constrained sensors. The

sampling rate is (p/n = 0.27%).

The 1D Steam Generator (SG) model, described in (subsection 4.1.3), offers a computa-

tionally efficient alternative to more complex Computational Fluid Dynamics (CFD) solvers.
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Figure 4.8: The leading three POD modes of secondary side temperature accurately approx-

imate temperature fields with 99% of the energy content. The first mode captures the overall

temperature profile, and the second and third modes capture heat flux variations along the

normalized z-coordinates in the steam generator.

This model is particularly useful for estimating key parameters such as temperature, heat

flux, and pressure within the steam generator. The model helps to estimate secondary

side temperature, especially during the phase transition of water to steam. Temperature

measurements are typically obtained using K and N type thermocouples (TCs) [138] which

provide point-wise temperature readings. On the secondary side, the steam generator tubes

are supported by 42 baffles evenly distributed along their length. These baffles maintain

tube positioning during assembly and prevent vibration from flow-induced eddies during

operation. Sensor placement is constrained by the need to avoid these baffles. The sensor

placement algorithm is trained on 442 steady-state samples of secondary side temperature

to determine optimal sensor locations while accounting for baffle constraints. Using p =

3 sensors, the field of interest is reconstructed for one test sample achieving a maximum

reconstruction error (ϵ) of 0.9% compared to the ground truth (Figure 4.7). In the presence

of noisy sensor measurements, state reconstruction uncertainty is low along the height of the

SG with a maximum of 0.01 °F (Figure 4.7). Below z = 0.4 the temperature of water rises
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and remains constant between z = 0.4, z = 0.8 due to phase change from water to steam.

Across the entire test set (162 samples), the maximum reconstruction error is 0.9% for QR

selected sensors compared to (ϵ = 6.4 %) for randomly placed sensors.

The relationship between the secondary side temperature and heat flux (Q̇) in the steam

generator tubes was further analyzed. Optimized temperature sensors capture energy fluc-

tuations in the POD modes. The leading POD mode represents the overall temperature

profile, and the second and third modes capture the heat flux that causes the temperature

variation (Figure 4.8). Heat flux, dependent on temperature gradients, can be estimated

from TC-based temperature reconstructions outside the phase change region z ∈ [0.4, 0.8].

During phase change, temperature gradients vanish, and the heat flux is determined by the

latent heat coefficient and the mass of the substance undergoing phase change. Heat flux

for the different boiling regions is calculated separately, resulting in abrupt changes between

boiling regimes. Further analysis of time-dependent data can allow for the inference of heat

flux from temperature measurements.

Currently, the algorithm is trained on 442 steady-state samples of heat flux in the tubes

and shell for locating baffle constrained optimal sensors. Heat flux can be measured using

small square sensors attached to the steam generator’s outer/inner wall [138]. The highest

reconstruction error over all samples, compared to the ground truth is ϵ = 20.6% for QR

selected sensors (Figure 4.7). Higher error is due to modeling discontinuities in the train-

ing data for heat flux across different boiling regimes. Experimentally, heat flux decreases

gradually after the phase change, as shown by sensor-based reconstructions, in contrast with

the abrupt decrease caused by modeling discontinuities. For randomly placed sensors, the

maximum error rises to ϵ = 48.9%. Under noisy sensor measurements, state reconstruction

uncertainty is low for QR optimized sensors along the height of the SG with a maximum of

0.0099 W/m2 (Figure 4.7).

Another important field of interest is secondary side pressure, measured locally with

pressure taps on the steam generator shell [138]. Due to the low pressure variation (≈

0.04MPa), QR selected sensors reconstruct the field with very high accuracy, achieving



66

a maximum reconstruction error of ϵ = 0.002% across all test samples (Figure 4.7). In

contrast, randomly placed sensors fail to capture these small variations in pressure resulting

in a maximum error of ϵ = 1% (Figure 4.7). The maximum noise-induced uncertainty in

pressure reconstruction is also low (0.009 MPa). Additionally, there is a linear relationship

between secondary and primary side pressures, allowing regression techniques to infer one

field from measurements of the other.

In conclusion, 3D CFD modeling of phase change phenomena is computationally ex-

pensive for complex systems such as steam generators. Using 1D nodalization provides an

efficient alternative, offering real-time updates of multiple fields of interest. Optimized sen-

sor locations derived from 1D modeling data can help uncover underlying physics of boiling

regimes to estimate preliminary errors and uncertainties, aiding in the development of con-

trol regimes through digital twinning. Despite the advantages of 1D models, it’s crucial to

instrument specific tubes and place sensors in a 3D coordinate system. For licensing and

safe operations, measuring flow distribution within the shell and tubes is essential. The next

section explores a 3D model of the steam generator for optimizing temperature and velocity

sensors.

3D Steam Generator Model

This section applies the sensor placement methodology to a 3D CFD model of the steam

generator described in (subsection 4.1.4). The mass flow rate (ṁ) kg/s of the primary

coolant varies between ṁ ∈ [0.1, 3] with δṁ = 0.1. As the mass flow rate increases, the

temperature variation (∆T = Tmaximum − Tminimum) decreases, given a constant heat flux

boundary condition. Temperature measurements can be taken using K or N type point TCs

or the Sporian ThermaFlow sensors described in [138]. These sensors can be placed within

the shell, riser, and tubes of the SG. It is easier to place sensors in the shell as compared to

the tubes and riser, as the flow within these narrow cylindrical bodies can be obstructed due

to sensors. Instrumenting one tube or just the riser reduces sensor costs and allows normal

flow development in the remaining tubes. The objective of optimizing sensor locations is to
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Figure 4.9: Temperature and velocity sensor locations for unconstrained, constrained and

randomly placed sensors. Unconstrained QR places 2 temperature and 3 velocity sensors in

the tubes (Z < 1.828 m) highlighted by the red boxes. Physically, just one of the tubes is

instrumented. Constrained QR restricts just one temperature and one velocity sensor within

tubes (green boxes).

limit instrumentation to lie either within the shell or to just one of the tubes.

Optimized, unconstrained QR pivoting locates two sensors in the SG tubes (z ¡ 1.828 m

in Figure 4.9) and achieves a reconstruction error of ϵ = 0.329%. In contrast, constrained op-

timization places only one sensor in the tube while maintaining a comparable reconstruction

error of ϵ = 0.331% (Figure 4.10b,Figure 4.10a). Optimal sensor reconstructions outperform

randomly placed sensor reconstructions which have a maximum error of ϵ = 1.647% (Fig-

ure 4.10c). In these figures we reconstruct temperature profiles developed by the nominal

mass flow rate ṁ = 1.2m/s. Additionally, reconstruction errors decrease with increasing

mass flow rate (Figure 4.11) due to reduced temperature variation at higher mass flow rates

(brown dots in Figure 4.11). Ensembles of randomly located sensors (error bars in Fig-

ure 4.11) fail to accurately capture the temperature field across the SG. A similar trend
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(a) Unconstrained (b) Constrained (c) Random

Figure 4.10: QR optimized sensors reconstruct the temperature field with high accuracy (a).

Constraining a single sensor to lie within one of the steam generator tubes results in only a

minimal increase in error and noise-induced uncertainty for temperature reconstruction (b),

compared to the high error of randomly placed sensor reconstructions (c). (Top) Sensor-based

reconstructions. (Middle) Relative reconstruction error. (Bottom) Noise-induced uncertainty

heatmaps (log scale).
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Figure 4.11: QR optimized sensors capture temperature variance within the SG, leading

to higher reconstruction accuracy across all mass flow rates compared to random sensor

placement. Optimized sensors achieve low reconstruction errors (ϵ ≈ 0.34%), and random

placements result in larger errors (ϵ ≈ 2%).Plot is shown on a symbolic log scale to highlight

differences in reconstruction errors.

is observed in noise-induced uncertainties, with QR-optimized sensors showing a maximum

uncertainty of 0.010 °K, while random sensor placements result in uncertainties up to 20 %

( seen in row 3 of Figure 4.10a,Figure 4.10b,Figure 4.10c).

Next, the algorithm was applied to velocity data of the 3D SG as the coolant flows

through the riser, makes a 180° turn through the shell, and returns to the tubes. Measuring

the distribution of coolant entering the various tubes is crucial for manufacturing and can

be achieved using Sporian ThermaFlow sensors described in [138]. Similar to TC placement,

instrumenting just one tube is key to allowing normal flow development in the others. Op-

timized unconstrained QR places three sensors among the tubes (z ¡ 1.828 m in Figure 4.9),

achieving a maximum absolute reconstruction error of 0.005 m/s and a maximum noise-

induced uncertainty of 0.010 m/s (Figure 4.12a). With constraints, only one sensor is placed

in the tubes, with the rest in the shell, resulting in a maximum absolute reconstruction error
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(a) Unconstrained (b) Constrained (c) Random

Figure 4.12: QR optimized sensors (both unconstrained and constrained) detect the under-

lying dynamics of coolant flow within the SG and reconstruct the velocity field with high

accuracy and low noise-induced uncertainties (a, b). By contrast, random sensors are unable

to reconstruct the field resulting in high errors and uncertainty (c). (Top) Sensor based re-

constructions. (Middle) Relative reconstruction error. (Bottom) Noise-induced uncertainty

heatmaps (log scale).
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Figure 4.13: QR optimized sensors capture flow of the coolant through the riser as it make

a 180 °turn through the shell, leading to higher reconstruction accuracy across all mass flow

rates compared to random sensor placement. Optimized sensors achieve low reconstruction

errors (ϵ ≈ 0.05m/s), while random placements result in much larger errors (ϵ ≈ 25m/s).

Plot is shown on a symbolic log scale to highlight differences in reconstruction errors.

of 0.005 m/s and a comparable maximum uncertainty of 0.8 m/s (Figure 4.12b). Randomly

placed sensors fail to reconstruct velocity accurately, and have a maximum absolute error

of 25 m/s while uncertainty rises to 103 m/s(Figure 4.12c). Across all mass flow rates, QR-

optimized sensors maintain a low reconstruction error of 0.05 m/s, whereas random sensors

exhibit high errors as indicated by the blue error plots (25 m/s) (Figure 4.13).

Unconstrained optimization favors locating sensors within the tube and riser, due to

the richer dynamics that exist there. Imposing sensor constraints within QR results in a

near-optimal placement in the shell and one of the tubes, as well as negligible loss of recon-

struction performance. The 3D CFD model of the steam generator, comprising 5,616,200

mesh points, provides the velocity and temperature data. QR-optimized sensors can recon-

struct these high-dimensional fields using just five sensors (p = 5) with minimal errors which

enables real-time monitoring of the SG. On the other hand, random placement of sensors

within the SG introduce large errors and uncertainties. Therefore, placing sensors without

optimizing them in regard to the underlying flow especially in the presence of noisy sen-
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sor measurements can introduce large errors in the corresponding digital twins. Informed

planning of instrumentation for the steam generator can play a key role in real time digital

twinning, monitoring steam quality, flow distributions and nominal working conditions while

also preventing accidents and detecting anomalies.

4.2.2 Irradiation of TRISO Fuel

(a) Graphite Holder (b) Fuel (c) Holder with Fuel

Figure 4.14: Temperature profile of the fuel capsule at the end-of-cycle stage. The tempera-

ture in the fuel reaches 1250 °C (b),compared to around 1000 °C in the graphite holder (a).

Accurate reconstruction of the temperature profile within the fuel through TC’s is crucial

due to the richer dynamics inside the TRISO fuel (c).

To support the next generation of reactors, testing, validation and performance assess-

ment of new fuels under reactor working conditions are essential. Monitoring TRISO fuel

temperature (Figure 4.14a) during irradiation experiments is challenging due to the extreme

temperatures (1200 °C - 1300 ° C) inside the fuel. As detailed in [138], HTIR-TCs can with-

stand temperatures exceeding 1600 °C.[139]. However, nuclear TC’s eventually drift due to

long-term exposure to neutron bombardment and high temperatures [140]. Placing sensors

in the surrounding graphite holder (Figure 4.14b) allows accurate temperature reconstruc-
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tion within the fuel stacks, reducing TC exposure to high temperatures, minimizing drift

and extending sensor lifespan.

(a) Unconstrained placement (b) Constrained placement (c) Random sensors

Figure 4.15: The unconstrained sensor locations (a) are infeasible since one of the ther-

mocouples is placed in the fuel. The developed algorithm constrains the TCs to lie within

potential structural holes (red circles) (b), selecting drill locations where the drill depth is

given by the Z coordinate, and the random sensor layout is shown in (c).

In the graphite holder, TCs cannot be placed at all locations due to constraints on drilling

holes to accommodate sensors and inert gas inlets and outlets. (Figure 4.15) illustrates

available drilling locations for TCs (red circles). The developed sensor placement algorithm

must select three to four holes from the given 19 possibilities, with each hole accommodating

just one sensor, while also determining the depth of the TC within the drilled holes. Data

is derived from a 3D FEM model described in (subsection 4.1.1) representing the beginning

(BOC) and end (EOC) of fuel irradiation cycle. Neutron and gamma heating information

is obtained through reactor physics analysis, which is computationally intensive and time-

consuming and can provide just 10 samples. The algorithm is trained using eight randomly

selected samples of EOC and BOC data and tested on the remaining two samples.

Optimized, unconstrained QR pivoting selects sensors strategically within the fuel and

along the edges of the capsule to capture maximum temperature variance (Figure 4.15a).

However, due to constraints on drill locations for TCs within the capsules, these uncon-
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(a) QR unconstrained (b) QR constrained (c) Random

Figure 4.16: QR optimized sensors reconstruct temperature profile within the graphite holder

(1st, 2nd row (a, b)) when compared to random sensor locations (c). (1st row) Sensor based

reconstructions. (2nd row) Relative reconstruction error.

strained sensor placements are not feasible in a physical experiment. Thus, the developed

algorithm constrains sensor optimization to points within the 19 possible drill locations

(Figure 4.15b). Measurements at these constrained locations result in a maximum rel-

ative reconstruction error of 1% within the capsule, while the error is 0.39% within the

fuel (Figure 4.16b,Figure 4.17b). Unconstrained reconstruction yields a maximum error of

ϵ = 0.75% in the capsule, and an error of 0.37% in the fuel (Figure 4.16a,Figure 4.17a).

Random sensor placement (Figure 4.15c) refers to intuitive selection based on ease of main-

tenance and access, which leads to inaccurate reconstruction with higher errors ϵ = 25%

(Figure 4.16c,Figure 4.17c). To illustrate various random selections of sensors, 20 ensembles

of random unconstrained sensor combinations were used to reconstruct temperature profile
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(a) QR unconstrained (b) QR constrained (c) Random

Figure 4.17: QR optimized sensors reconstruct temperature profile within the TRISO fuel

(1st, 2nd row (a, b)) when compared to random sensor locations (c). (1st row) Fuel recon-

struction through sensors. (2nd row) Fuel relative reconstruction error.

for all the samples. Comparison with QR-optimized sensors (1%) shows higher reconstruction

errors for random ensembles (30%) (Figure 4.18).

Zero mean Gaussian noise with β = 0.01 is added to analyze uncertainty heatmaps

for temperature reconstruction to illustrate noisy TC readings as in (Equation 3.17). The

maximum uncertainty for constrained sensing is 0.0241 °C (Figure 4.19b) as compared to

unconstrained sensor placement (Figure 4.19a) which has an uncertainty of 0.010 °C. Ran-

domly placed sensors result in very high uncertainty for state reconstruction (9.8 °C) (Fig-

ure 4.19). In summary, the sensor placement framework accounts for design, manufacturing,

and deployment constraints to optimize sensor placement. It provides error estimates and

uncertainty for noisy sensor readings from modeling data, aiding in approximating errors in
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Figure 4.18: QR optimized sensors are the most accurate in capturing the neutron and

gamma heating dynamics at both beginning-of-cycle and end-of-cycle stages. Optimized

sensors reconstruct temperature fields with low errors (ϵ ≈ 1%), whereas random placements

result in significantly larger errors (ϵ ≈ 30%).Plot is shown on a symbolic log scale to highlight

differences in reconstruction errors.

physical experiments and establishing manufacturing parameters such as drill hole depths for

TCs. Accurate reconstructions and uncertainty bounds (Equation 3.20) through sensors can

help quantify TC drift due to long-term radiation exposure in TRISO fuel through digital

twinning.

4.2.3 Electrically heated prototype capsule- OPTI-TWIST

In this section, thermocouple (TC) locations are optimized for reconstructing temperature

within an electrically heated fuel rod (OPTI-TWIST), simulating the behavior of a nuclear

fuel rod as described in (subsection 4.1.2). Analyzing the impact of power transients on

reactor core coolant temperature, pressure, and velocity is crucial for real-time safety moni-

toring and control in a nuclear reactor. In this study, sensor placements were optimized to

capture heat flow dynamics during power transients. It is important to detect when sensor
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(a) Unconstrained (b) Constrained (c) Random

Figure 4.19: Optimized sensors result in lower estimation uncertainty in state reconstruction

within the fuel when sensor measurements are corrupted by noise (a, b) compared to ran-

dom placement (c). These estimation errors propagate through the digital twin and affect

downstream control decisions. Plots are shown on a log scale to highlight regions of higher

uncertainty.

readings diverge from predicted metrics in the presence of noise during transients. This early

detection can signal the need for digital twin recalibration and prevent accidents caused by

power surges at a nuclear facility. In this case the power surge is modeled as:

P (t) = Pt, if t ≤ t1,

P (t) = Pn, if t > t1,
(4.1)

where Pt = 500W,Pn = 0W, t1 = 15s. The power rises to 500 W within the first 15 seconds

and remains off for the next 85 seconds. Heat flow through the capsule during this transient

is simulated by nodalization of the OPTI-TWIST geometry to capture temperature gradients

in RELAP (described in subsection 4.1.2). K and N Type TC’s are used for instrumentation

of the rod [138], with their number restricted to p = 3. The unconstrained QR method

places two sensors near the heater, as seen in (Figure 4.20a) capturing richer dynamics

close to the heat source and resulting in a maximum relative reconstruction error of ϵ =

0.06 % . However, spatial constraints limit TC placement to just one sensor in this region

(Figure 4.20b) resulting in a comparable ϵ = 0.15 %. POD modes, averaging over the time
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(a)Unconstrained (b) Constrained (c) Random

Figure 4.20: Richer dynamics close to the heat source result in selection of unconstrained

sensors near the heater (a-top), achieving negligible reconstruction error ϵ = 0.06% (a-

bottom). However, these locations are unfeasible as the heater cannot accommodate multiple

sensors. Constraining sensors to lie outside the heater region (b-top) produces a layout with

comparable reconstruction errors ϵ = 1% (b-bottom). Random sensor placement leads to

inaccurate reconstructions (c-top) with high reconstruction errors ϵ ≈ 101% (c-bottom).

domain for time-dependent data, capture maximum variance in the temperature profile.

When the heater power is at 500 W, the temperature variation is around 60 °C whereas it
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Figure 4.21: Constrained QR optimized sensors initially fail to capture temperature variation

at t=0 due to the transient but achieve lower error as the transient progresses (ϵ ≈ 0.5%).

Once the transient ends at t=15, constrained QR reconstruction error briefly rises before

capturing cooling down of the capsule. Reconstruction error for ensembles of randomly

selected sesnors increases and then stays the same with time (ϵ ≈ 75%) while unconstrained

QR sensors placed in heater adjacent locations result in lowest error through the entire

transient. Plot is shown on a symbolic log scale to highlight differences in reconstruction

errors.

becomes negligible when the power is off. Randomly placed sensors, with two located near

the heater, fail to capture this temperature variation, resulting in high errors (ϵ = 30%)

reconstructing the OPTI-TWIST temperature profile (Figure 4.20c). Errors are calculated

for the temperature profile at 8 seconds (mid-way through the transient). For the first two

time-steps, the reconstruction error for an ensemble of 20 combinations of three randomly

placed sensors (pink error bars) is comparable to QR placements (Figure 4.21). Subsequently,
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(a) Unconstrained (b) Constrained (c) Random

Figure 4.22: When sensors are constrained to lie outside the heater region (b), the uncertainty

in the heater region increases slightly by 0.95 °K, and for randomly placed sensors, it can

increase up to 1000 °K.

as the algorithm captures temperature variation, QR sensors result in significantly lower

reconstruction errors (ϵ = 0.2 %) as compared to randomly placed sensors (ϵ = 75 %)

over the transient domain. As the transient subsides, the error for both QR optimized

and random sensors briefly increases as the capsule cools down and temperature differences

diminish. While POD modes capture maximum temperature variance during the transient,

further analysis using DMD, DMDc and time delayed embedding is needed to accurately

model the transient’s time-dependent nature..

The uncertainty in state reconstruction due to noisy measurements is calculated using

(Equation 3.17). Adding Gaussian i.i.d noise η ∼ N (0, 0.01) results in higher uncertainty

(0.825 °K) around the heater when sensors are constrained away from the heat source (Fig-

ure 4.22b) as compared to unconstrained heater adjacent sensors (0.009 °K)(Figure 4.22a).

For three randomly selected sensors near the heater, the uncertainty in reconstruction is

high (103 °K) for regions adjacent to the heat source (Figure 4.22c). Optimizing sensor lo-
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cations to capture underlying dynamics reduces reconstruction errors and uncertainty from

TC readings in the presence of noise. This optimization enables the establishment of digital

twins (DTs) for reliability and safety analysis of power transients and surges in nuclear fuel

rods.

4.3 Conclusion

This work leverages computational models of NPP subsystems including steam generators,

fuel capsules and fuel irradiation experiments to provide optimal sensor locations subject to

inherent spatial limitations. The developed data-driven approach applied to preliminary 1D

simulations of the steam generator establish sensor layouts that capture multiple fields of

interest with high accuracy. They also provide interpretable models to study boiling regimes

in steam generators. Further, TC locations identified by the algorithm for the 3D CFD

model of the steam generator capture temperature variations as the mass flow rate of the

primary coolant changes. Flow distribution within the shell and tube can be accurately

reconstructed with just one instrumented tube and the rest of the sensors constrained to

the shell. In TRISO fuel irradiation experiments, sensors constrained to lie in the graphite

holder outside the fuel accurately reconstruct the temperature within the fuel with low noise-

induced uncertainty. In the event of sudden increases in power during accident scenario

testing in fuel rods, sensor layouts capture temperature variations across the transient while

constraining sensors to lie outside the heater adjacent region. It is desirable to place the

fewest number of sensors in locations that have extreme conditions (TRISO fuel) or where

sensors would obstruct the development of nominal flow (SG tubes). We show that accurate

reconstruction can be achieved with as few as 3 intrusive sensors. In conclusion, constrained

sensor locations minimize reconstruction errors, provide statistical bounds for noise-induced

uncertainties for high-dimensional nuclear applications that can be further used for safety

analysis, licensing, accident scenario testing and reliability analysis of the NPP. Through

CFD, FEM, and Python models, the effectiveness of adaptive sensor placement and accuracy

of the reconstructed responses of interest has been demonstrated.
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Chapter 5

SENSOR-BASED CLASSIFICATION AND
RECONSTRUCTION: ANALYSIS OF POWER
PERTURBATIONS FOR DIGITAL TWINS

Analyzing the effect of power perturbations and transients on reactor core coolant tem-

perature, pressure, and velocity is essential for real-time safety monitoring and control of a

nuclear reactor. Various types of fluctuations occur within the core of the reactor caused

by mechanical vibrations, coolant boiling and the stochastic nature of nuclear reactions that

can be designated as power perturbations [141]. On the other hand, a transient is defined

as an event in which a plant transitions from a normal state to an abnormal one. In nuclear

power plants (NPPs), early identification of perturbations and transient types is crucial for

initiating timely and appropriate responses. Additionally, classifying novel transients as ”un-

known” when they fall outside the plant’s existing knowledge base is essential for ensuring

safety and guiding further analysis. [142].

Testing accident scenarios and the impact of power perturbations and transients on the

reactor core, fuel rods, and coolant requires extensive simulations across a wide range of con-

ditions. These simulations are time-consuming and costly, as they involve computational fluid

dynamics (CFD) models that run for multiple days and demand access to high-performance

computing resources. Reduced-order models that effectively capture the critical events and

dynamics of these scenarios are therefore essential for efficient verification, validation, and

testing. Furthermore, if a single, interpretable model can capture the effects of these pertur-

bations, rather than relying on black-box approaches, it enables the classification of power

inputs based solely on sensor measurements, thereby closing the loop between input and

resulting field dynamics.
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Additionally, nuclear power plants are complex systems managed by human operators,

who must diagnose and address unplanned power perturbations, such as accidents, equipment

failures, or external disturbances. The diagnosis relies on readings from numerous instru-

ments, making it challenging, especially as anomalies often develop gradually. In some cases,

early-stage anomalies may not produce clear signals, increasing the risk of delayed operator

response, which could hinder efforts to mitigate or minimize potential negative consequences

[143]. One approach utilizes probabilistic neural networks (PNNs) for diagnosing transients

in nuclear power plants to classify novel events as “don’t-know” when they do not match

any existing knowledge within the system’s database using evidence accumulation [144].

So far, in this thesis we have seen that the strategic placement of sensors critically enables

reconstruction of latent reactor flow fields from sparse, heavily constrained measurements. In

this chapter, to further enhance monitoring and control, we also address the effects of power

perturbations on reactor core coolant temperature, pressure, and velocity—essential for real-

time safety control. Our optimization procedure leverages ROMs, including dynamic mode

decomposition with control, to uncover the underlying dynamics of complex systems, advanc-

ing the goal of a robust digital twin for nuclear assets. Moreover, our methodology adapts

to transient conditions by optimizing sensor locations and sampling intervals. Tested on the

OPTI-TWIST prototype vessel, this approach demonstrates the impact of different ROMs

on sensor placement and flow reconstruction performance. Integrating linear discriminant

analysis (LDA) and dynamic mode decomposition with control (DMDc) allows classification

of transient regimes, enabling accurate monitoring of varying operational states. Overall,

these contributions reinforce the digital twin’s ability to provide reliable, real-time insights,

enhancing both safety and operational efficiency in nuclear-integrated systems.

We begin by presenting the methodologies of Dynamic Mode Decomposition with Control

(DMDc) and Linear Discriminant Analysis (LDA), highlighting their application in optimiz-

ing sensor placement and classifying power input regimes. Our analysis first demonstrates

these techniques applied to OPTI-TWIST CFD simulations at three distinct power levels,

effectively classifying the inputs and revealing their temporal dependencies. We then demon-
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Figure 5.1: Power levels starting at 10 W and ramping up to 150 W, 200 W, and 250 W

result in distinct temperature profiles that must be accurately captured by a unified model.

Dynamic Mode Decomposition (DMD) offers this versatility by directly incorporating power

variations into the system dynamics, enabling sensor optimization, accurate reconstruction of

flow fields, and input classification to identify the factors driving different dynamic behaviors.

strate classification of power profiles using real-time infrared camera data from OPTI-TWIST

experiments, distinguishing between 250W and 1200W power inputs through the developed

methodology applied to thermal imaging data.

5.1 Dynamic Mode Decomposition with control (DMDc)

Dynamic Mode Decomposition with Control (DMDc) is an extension of the standard Dy-

namic Mode Decomposition (DMD) method, designed to incorporate control inputs into the

system identification process as shown by Proctor et al [145]. The goal of DMDc is to decom-
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pose a system into dynamic modes while accounting for external control inputs. Consider

the following discrete-time linear system with control:

xk+1 = Axk +Buk, (5.1)

where xk ∈ Rn is the system state and uk ∈ Rm is the control input at time step k, A ∈ Rn×n

is the system matrix and B ∈ Rn×m is the control matrix. In DMDc, we aim to approximate

A and B from data. Given a sequence of m snapshots of state data we have the state

matrix X, the time shifted snapshot matrix X′ and Υ the control input matrix that satisfies

X′ = AX+BΥ.

X =
[
x1 x2 · · · xm−1

]
, X′ =

[
x2 x3 · · · xm

]
,Υ =

[
u1 u2 · · · um−1

]
,

Utilizing the three data matrices, approximations of the linear mappings A and B can

be found. We outline the analysis and algorithm for when matrix B is unknown as the

assumption that B is know suggests knowledge of how the control procedures affect the

system. The dynamical system can be represented as:

[
X′
]
≈
[
A B

]X
Υ

 = GΩ.

where Ω contains both the state and control snapshot information. We seek the best fit

solution of the operator G which contains the process dynamics A and input matrix B. The

first step involves performing a singular value decomposition (SVD) asΩ = UΣV∗ ≈ ŨΣ̃Ṽ∗.

The approximation of G is given by the following description:

G ≈ Ḡ = X′ṼΣ̃−1Ũ∗

The linear operator Ũ can be broken into two separate components to find approximations

to A and B as:

[A,B] ≈ [Ā, B̄] (5.2)

≈
[
X′ṼΣ̃−1Ũ∗

1,X
′ṼΣ̃−1Ũ∗

2

]
(5.3)
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where Ũ1 ∈ Rn×p, Ũ2 ∈ Rm×p and Ũ = [Ũ1
∗
Ũ2

∗
]T . For large dimensional systems where

n >> 1, a dynamic model defined by Ā and B̄ is computationally prohibitive and a reduced

order model of rank r << n is required where x = Px̃ and x̃ ∈ Rr. For DMD the left singular

vectors Ũ provide the linear subspace of dimension r on which the state space evolves and

thus P = Ũ. For DMDc the truncated left singular vectors of Σ define the input space and

Ũ cannot be used as the transformation operator. To define P we require the reduced-order

subspace of the output space. A second singular value decomposition of the time-shifted

data matrix X′ = ÛΣ̂V̂∗ with a truncation value r gives us the transformation x = Ûx̃ and

reduced-order approximation of A and B. The rank of truncation of the two SVDs is most

likely different and p > r. The reduced matrices Ã and B̃ are:

Ã = Û∗ĀÛ = Û∗X′ṼΣ̃−1Ũ∗
1Û (5.4)

B̃ = Û∗B̄ = Û∗X′ṼΣ̃−1Ũ∗
2 (5.5)

where Ã ∈ Rr×r and B̃ ∈ Rr×l. The dynamic modes of A are found through the eigenvalue

decomposition ÃW = WΛ, where the diagonal of matrix Λ are also the eigenvalues of

the full matrix A. The columns of W are eigenvectors of the reduced matrix Ã and the

DMDc modes Φ which are the eigenvectors of the high-dimensional A matrix are given by

the following equation:

Φ = X′ṼΣ−1Ũ1
∗
ÛW

The system state can be expanded in terms of a data-driven spectral decomposition:

xk =
r∑

j=1

ϕjλ
k−1
j bj +Buk−1 (5.6)

where the vector b are the mode amplitudes generally computed as b = Φ†x1 using the first

snapshot to determine the mixture of DMDc mode amplitudes.

5.2 Linear Discriminant Analysis (LDA)

Linear Discriminant Analysis (LDA) is a dimensionality reduction technique commonly used

for classification tasks. LDA seeks to find a linear combination of features that best separates
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two or more classes by maximizing the separability between them. It achieves this by mini-

mizing the within-class scatter through matrix Sw shown in Equation 5.7 while maximizing

the between-class scatter through matrix Sb as in Equation 5.8.

Sw =
C∑
i=1

Ni∑
j=1

(x
(i)
j − µi)(x

(i)
j − µi)

T (5.7)

Sb =
C∑
i=1

Ni(µi − µ)(µi − µ)T (5.8)

where µi is the mean vector of class i and µ is the overall mean vector of the entire dataset:

µi =
1

Ni

Ni∑
j=1

x
(i)
j ,µ =

1

N

C∑
i=1

Ni∑
j=1

x
(i)
j (5.9)

The goal of LDA is to find a projection matrixW that maximizes the ratio of the determinant

of the between-class scatter matrix to the determinant of the within-class scatter matrix after

projection:

W = argmax
W

|WTSbW|
|WTSwW|

(5.10)

This optimization problem reduces to solving the generalized eigenvalue problem Sbw =

λSww where λ represents the eigenvalues, and the corresponding eigenvectors w form the

columns of the projection matrix W.

5.3 Power Input Classifier Trained on DMDc Twin

System Identification through DMDc provides an approximation to the state matrix A,

control matrix B, and DMDc modes Φ. Consider sensors measurements of the field to

be reconstructed given as y = Sx + η, where S is the selection matrix (Equation 5.11).

Optimal locations for these sensors can be determined using POD modes Ψ as a basis,

where, Ψr = Ur are the left singular vectors of the singular value decomposition. However,

as the sensor selection methodology developed in [13] can be used with any tailored basis,

sensors can also be determined using the DMDc modes Φ. Near optimal sensor placements
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are determined using the D-optimal, greedy objective which is solved using QR-pivoting

(Equation 5.12).

S =
[
eγ1 eγ2 . . . eγp

]T
, (5.11)

γ∗ = argmax
γ,|γ|=p

log det((SΦr)
T (SΦr)). (5.12)

Dynamic Mode Decomposition excels at capturing time-dependent behavior and transient

regimes more effectively than Proper Orthogonal Decomposition as it directly integrates

temporal dynamics into the decomposition process, enabling the identification of coherent

structures and their evolution over time without assuming orthogonality or static modes.

DMDc also takes into consideration effect of control inputs on dynamics which can be seen

in the data-driven spectral decomposition (Equation 5.6). Using sensor measurements de-

termined through DMDc modes, the effect of the control input can be isolated and control

trajectories can be classified through sensor measurements and reconstruction of the initial

condition through b = Φ†x1.

• Classification from sensor measurements: Based on sensor measurements of the

initial state y1 = Sx1, the amplitudes of the DMDc modes can be approximated as

b = Φ†ŷ1. The influence of control can be isolated as:

ŷk −ΦΛk−1Φ†ŷ1 = BΥk−1 (5.13)

A classifier such as LDA can be fit to the residual ŷk − ΦΛk−1Φ†ŷ1 for every time-

step and as the power perturbation occurs the trained classifier can determine which

residual was caused by which power.

• Classification from reconstruction: The initial state can be reconstructed through

gappy DMDc and the amplitudes of the DMDc modes can be approximated as b =

(SΦ)†Sx̂1. Subsequently, the influence of control can be isolated as:

Sxk − SΦΛk−1(SΦ)†Sx̂1 = BΥk−1 (5.14)
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A classifier such as LDA can be fit to the residual Sxk − SΦΛk−1(SΦ)†Sx̂0 for every

time-step and every location of the reconstructed field. As the power perturbation

occurs the trained classifier can determine which residual was caused by which power.

5.4 Results

Figure 5.2: DMDc model captures flow dynamics with just 2 modes. The DMDc-based

reconstruction of the temperature field across all time steps—spanning before, during, and

after the power perturbation—achieves a maximum relative error of just 0.04.

This section demonstrates DMDc-based sensor placement for reconstruction and classi-

fication using reduced-order models applied to OPTI-TWIST CFD power transient simu-

lations. Subsequently, we investigate power classification from real-world thermal imaging

of the OPTI-TWIST capsule during experimentation, utilizing the same DMDc modeling

approach.
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(a) Sensors (b) DMDc Model is essential. (c) Direct classification fails

Figure 5.3: The DMDc reduced-order model enables accurate classification of power inputs

solely from sensor measurements (b), whereas direct classification based on the raw sensor

data often leads to incorrect results (c). Sensor locations shown by (a).

5.4.1 CFD Simulation Power Transients Analysis

In this section, we present the DMDc based reconstruction, where the model is trained on

transient A, characterized by a power ramp-up from 10 W to 150 W, as depicted in the

Figure 5.1. Figure 5.2 illustrates the reconstruction results for a test case using transient B,

which ramps from 10 W to 200 W. The maximum relative error observed is 0.04, as indicated

by the error bars. The reconstruction demonstrates that just two modes are sufficient to

accurately capture the heat transfer dynamics during the fuel rod heating process. This

begins around t = 20, as power ramps up, and continues until the system stabilizes. During

this period, the development of convection currents facilitates the progressive heating of the

water due to heat transfer from the fuel rod, with temperatures continuing to rise until

approximately t = 60.

Using the identified DMDc modes, we strategically place sensors as outlined in the earlier

section 5.3, with their locations depicted in Figure 5.3a. The classification process begins by
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analyzing the residuals derived from approximating b using sensor measurements. As shown

in the figure, the Linear Discriminant Analysis (LDA) classifier achieves 100% accuracy when

trained on these residuals, effectively distinguishing between power transients A, B, and C

Figure 5.3b. In contrast, direct classification without leveraging the intermediate DMDc

model leads to misclassification between transients B and C, underscoring the advantage of

incorporating the DMDc framework for improved classification Figure 5.3c. It is crucial to

note that the DMDc model is trained on Transient A but has no information of Transient B

or C and is successful in classifying all three of them.

Next, the reconstruction of the entire field is performed using two sensor measurements

of the initial condition, which are then utilized to calculate the mode amplitudes b (Fig-

ure 5.4a). This enables classification not only based on the two sensor readings but for the

entire field, comprising approximately 40,000 data points. An LDA classifier is then ap-

plied to the residuals of a randomly selected subset of data points from the three different

(a)Reconstruct (b) DMDc Model is essential. (c) Direct classification fails

Figure 5.4: The DMDc reduced-order model enables accurate classification of power inputs

from reconstructed temperature field (b), whereas direct classification based on the raw

reconstruction often leads to incorrect results (c). Sensor locations shown by (a).
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Figure 5.5: The LDA boundary between the two features, Transient A and Transient B,

struggles to classify correctly when the power inputs are identical (at times 0, 10, and 20).

However, as the power inputs diverge due to perturbations, the LDA boundary improves

classification accuracy, as demonstrated at times 30 and 40.

transient reconstructions, as described in Equation 5.14. This approach achieves 100% clas-

sification accuracy (Figure 5.4b). However, when the classifier is directly applied to the raw

measurements without leveraging the DMDc model, it results in significant misclassification

errors (Figure 5.4c). An important observation is that the trained classifier struggles to

differentiate between the residuals when the power levels for all three transients (A, B, and

C) are identical at 10 W. However, as the power levels begin to diverge and ramp up around
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time = 30, the classifier trained on the residuals distinctly separates the reconstructed data

points corresponding to the three profiles Figure 5.5. This behavior underscores the utility

of digital twins: when power levels remain constant, it can be inferred that the system is

operating under normal conditions. Conversely, when the LDA classifier begins to delineate

boundaries between profiles, it indicates that the power has deviated, signaling a perturba-

tion. This capability is instrumental in enabling real-time monitoring and control, ensuring

timely detection and response to operational changes.

(a) Experimental Setup (b) Thermal Image with Region of Interest (ROI)

Figure 5.6: Thermal imaging of temperature fields from OPTI-TWIST heater power pertur-

bations during experimentation (a), require preprocessing to identify regions of interest and

optimal sensor locations for power input classification (b).

5.4.2 Experimental Thermal Imaging Analysis

This section investigates the classification of temperature profiles acquired through real-time

thermal imaging during OPTI-TWIST experimentation, where heater power was system-
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atically varied between 250W and 1200W across distinct experimental configurations. The

temperature fields were captured using a thermal imaging camera as depicted in the Fig-

ure 5.6a, providing spatially-resolved thermal data for subsequent analysis (Figure 5.6b). A

fundamental objective in digital twin development is the capability to distinguish between

different power operating conditions based solely on temperature measurements. To achieve

this classification goal, we initially determined optimal sampling locations within the ther-

mal imaging dataset, with these sampling points representing strategic sensor placement

positions for effective power state classification using DMDc.

The sampling points are selected through fitting a DMDc basis to the time-dependent

thermal imaging dataset using Equation 5.12 shown by white circles in Figure 5.7a and

Figure 5.7b . They also illustrate the temperature profiles for both power transients at the

final temporal snapshot (t = 599). The maximum relative reconstruction error of the test

set (250W) power profile is 0.25 as shown in Figure 5.7c while the subsequent figure displays

the temperature measurements recorded at these sensor locations for the two distinct power

operating conditions. The objective is to classify these power states based on the sensor

measurements obtained at the optimally selected locations.

The storage and real-time classification of high-dimensional thermal imaging data presents

significant computational challenges, necessitating strategic sampling approaches for effective

system monitoring. As demonstrated in Figure 5.8c, classification based on random sampling

from thermal imaging data results in three misclassifications of 1200W temperature profile

data points as 250W conditions. Such classification errors pose substantial risks in real-time

monitoring and control applications for digital twin systems in nuclear environments, where

accurate power state identification is critical for operational safety and system integrity.
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(a) 250W (b) 1200W

(c) Sensor based reconstruction has maximum er-

ror = 0.25

(d) Sensor measurements for 250W and 1200W power.

Figure 5.7: Optimal sampling locations (white dots) (a),(b) determined through sensor place-

ment optimization for reconstruction as detailed in section 3.3, achieving a maximum recon-

struction error of 0.25 for test power (250W) (c). Temperature measurements from these

strategically positioned sensors are presented in (d) and serve as input data for power clas-

sification analysis.
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In contrast, classification using optimally positioned sensor measurements reduces mis-

classification to a single instance, where one 1200W measurement is incorrectly identified

as 250W (Figure 5.8a). However, the most robust classification performance is achieved

through the application of classifiers trained on DMDc residuals, as detailed in Section X,

which demonstrates 100% classification accuracy (Figure 5.8b). This superior performance

stems from the DMDc framework’s incorporation of the control matrix B, enabling the

model to effectively capture and learn the relationship between different control parameters

and their corresponding influence on the temperature profile evolution. The inclusion of

control-aware dynamics in the DMDc formulation provides a more comprehensive under-

standing of the system behavior under varying power conditions, thereby enabling precise

discrimination between operational states.

(a) Optimization essential (b) DMDc Model essential (c) Direct classification fails

Figure 5.8: Classification from strategically placed sensors results in a single misclassification

among sensor readings (a), whereas classification using DMDc residuals from sensor mea-

surements demonstrates perfect 100% accuracy. Conversely, random classification of thermal

imaging data yields the poorest performance (c).
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5.5 Conclusion

This work demonstrates the efficacy of combining Dynamic Mode Decomposition with Con-

trol (DMDc) and Linear Discriminant Analysis (LDA) for sensor placement, field reconstruc-

tion, and classification in transient systems. By leveraging DMDc-based reconstructions, we

effectively captured the temporal and spatial dynamics of heat transfer in power ramp sce-

narios using minimal sensor data. The results show that as few as two modes are sufficient

to model the system’s behavior during transient heating phases, enabling accurate recon-

structions even for large-scale fields with approximately 40,000 data points.

Through strategic sensor placement informed by DMDc modes, we achieved robust clas-

sification of power transients using LDA applied to residuals, demonstrating 100% accuracy.

This underscores the advantage of coupling model-based reconstructions with data-driven

classification techniques, as direct classification on raw measurements yielded significant

errors. Furthermore, the classifier’s inability to distinguish between transients at identical

power levels highlights its capability to monitor normal operating conditions. Once the power

levels began diverging, the classifier reliably identified deviations, enabling the detection of

perturbed conditions.

The experimental validation using OPTI-TWIST thermal imaging data confirms that

strategic sensor placement optimization significantly outperforms random sampling approaches

for power classification tasks. While random classification of thermal imaging data resulted

in substantial misclassification rates, with three 1200W temperature profile data points in-

correctly identified as 250W conditions, the implementation of optimally positioned sensors

reduced classification errors to a single misclassification instance. The superior performance

achieved through DMDc-based classification of sensor measurement residuals, demonstrating

100% classification accuracy, highlights the critical importance of incorporating control-aware

dynamics in the modeling framework.

These findings showcase how integrating reduced-order modeling with advanced sensing

and classification methodologies facilitates real-time monitoring and control. This approach
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provides a framework for digital twins in engineering systems, ensuring efficient and accurate

system analysis while supporting predictive maintenance and operational optimization.

To advance this work, it is essential to extend the approach to more complex flow scenar-

ios, such as cavity-driven flows under turbulent conditions. This will provide deeper insights

into the reconstruction capabilities of sensors identified by DMDc and POD, as well as the

impact of orthogonality loss on uncertainty estimation and model performance.
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Chapter 6

CONCLUSION AND OUTLOOK

In this thesis, we develop data-driven, scalable methodologies for sensor placement in

nuclear energy systems, utilizing reduced-order models and constrained sensing techniques.

Using ROMs based on modal decompositions introduced in [13], we efficiently capture the

points of highest variance in the data using simple linear algebra methods such as gappy

POD and QR pivoting. This allows the algorithms to operate in seconds, even for extremely

high-dimensional systems O(107). We demonstrate that incorporating constraints into the

QR pivoting procedure after the initial sensor placements ensures minimal loss of optimality

while achieving reconstruction performance comparable to the unconstrained QR approach.

We compare our near-optimal sensor placements to intuitive, randomly chosen placements,

which are commonly used in engineering due to their practicality and ease of installation and

maintenance. While such random placements are convenient, they often lack the precision

needed for accurate global inference in complex systems. By incorporating the constrained

procedure described above during the design phase of a physical system, it becomes possible

to determine optimal sensor locations while accounting for practical considerations such as

manufacturing constraints and experimental requirements. This approach ensures a balance

between theoretical optimality and real-world feasibility.

These constraints can be tailored to specific user requirements, such as enforcing a fixed or

maximum number of sensors within a given region, optimizing additional sensor placements

after an initial set has been predetermined, or ensuring that sensors maintain a specified

minimum distance from each other. The proposed algorithm is highly flexible and can

accommodate additional constraints beyond those mentioned, making it adaptable to a wide

range of real-world scenarios. Moreover, estimating errors from noisy sensor measurements
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is crucial for digital twins, as it enables twin recalibration and early detection of anomalies.

Additionally, uncertainty heatmaps illustrate how imposing sensor placement constraints

affects reconstruction uncertainty in specific regions, providing valuable insights necessary

for building reliable and robust digital twins.

In Chapter 3 and Chapter 4, we demonstrate the application of constrained sensing to fuel

rods, irradiation experiments, and steam generators by utilizing simulation data generated

during the design phase to strategically place sensors. This approach aligns with the digital

twin paradigm, where data collected throughout the product lifecycle is leveraged to develop

reduced-order models and guide optimal sensor placement. Once the physical prototype is

operational, real-time streaming measurements can be continuously compared with these

models for real-time monitoring and validation. Additionally, within the steam generator,

we show how patterns in other quantities, such as heat flux, can be inferred by analyzing

temperature modes, offering a powerful tool for solving inverse problems and enhancing

system understanding. Furthermore, uncertainty estimates provide essential guidelines on

where measurements and subsequent reconstructions can be most trusted, improving the

interpretability of digital twins and ensuring more reliable decision-making during operation.

In Chapter 5, we extended our methodology to enhance real-time monitoring and con-

trol by addressing the effects of power perturbations on key reactor core parameters such

as coolant temperature, pressure, and velocity—critical for ensuring safety in nuclear sys-

tems. To achieve this, we employ Dynamic Mode Decomposition with Control (DMDc)

developed by Proctor et al [145], to uncover the dominant dynamics governing complex sys-

tems. DMDc, in particular, enables the separation of internal state dynamics from external

actuation effects, making it highly suitable for systems with active controls and for system

identification.

Furthermore, by integrating Linear Discriminant Analysis (LDA) with DMDc, we facili-

tate the classification of transient regimes, enabling precise identification and monitoring of

varying operational states. The ability to accurately classify power states from real-world

experimental thermal imaging data, as demonstrated in this work, is critical for ensuring
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reliable system monitoring and operational safety in complex thermal systems. The inte-

gration of reduced-order modeling with optimized sensing strategies significantly enhances

safety margins through real-time state identification capabilities, establishing a foundation

for advanced monitoring and control applications in nuclear energy systems.

6.1 Open Source Code Contributions

To enhance the accessibility and adoption of data-driven sensor placement techniques within

the broader engineering community, the development of comprehensive code packages is es-

sential. Such packages enable widespread utilization of these methodologies by multiple prac-

titioners and researchers across diverse applications, ranging from biological dataset analysis

[61] to space debris modeling [146] and other complex engineering problems. PySensors is a

Python package [147] dedicated to solving the complex challenge of optimal sensor placement

in data-driven systems. It implements advanced sparse optimization algorithms that use di-

mensionality reduction techniques to identify the most informative measurement locations

with remarkable efficiency [13, 6, 86].

RAVEN is a generic software framework for parametric and probabilistic analysis of complex

system codes, originally developed for dynamic risk analysis at Idaho National Laboratory

but now serving as a multi-purpose uncertainty quantification platform capable of interfac-

ing with any system code [148]. The framework’s robust capability to investigate system re-

sponses and explore input spaces through diverse sampling methodologies—including Monte

Carlo, grid-based, and Latin hypercube schemes—creates an ideal foundation for advanced

sensor placement optimization.

By integrating sensor placement capabilities into RAVEN, we unlock enhanced system

observability, improved detection sensitivity, and robust digital twinning for nuclear appli-

cations. RAVEN’s sampling algorithms efficiently identify optimal monitoring locations,

creating strategically positioned sensor networks that feed high-fidelity data to digital twins.

This synergy establishes a powerful feedback loop: digital twins gain predictive accuracy

from targeted sensor data, while sensor placement optimization benefits from the twin’s
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evolving system understanding. The result is more reliable virtual monitoring, predictive

maintenance, and operational decision-making across nuclear systems.

6.1.1 Pysensors 2.0

The previous version of Pysensors incorporated two distinct sensor placement methodolo-

gies: (1) an unconstrained optimization approach utilizing QR decomposition, which allows

sensor deployment at arbitrary locations throughout the computational domain, and (2) a

cost-aware optimization framework implemented through CCQR that incorporates spatially-

heterogeneous installation costs, thereby accounting for regions where sensor deployment

incurs higher expenses.

To integrate the diverse constraint formulations detailed in section 3.4 into the sensing

framework, we have developed a novel optimization module within Pysensors termed GQR

(General QR). This approach is based on Algorithm 1 and provides a unified framework

for accommodating various geometric and operational constraints in the sensor placement

optimization process. Each subroutine detailed in Algorithm 2 is implemented within the

utils module under the norm calc.py framework. For instance, the subroutine corre-

sponding to CONSTRAINTS = RegionConstrainedMax is realized as the max n() function

in norm calc.py, following a consistent naming convention that maps algorithmic compo-

nents to their respective implementation functions.

The implementation of spatial constraints within our sensor placement framework re-

quires two fundamental steps: defining the geometric boundaries of the constraint region

and identifying computational grid points that reside within these specified boundaries.

This functionality is realized through dedicated classes and methods housed within the

constraints.py module of the utils package. The module encompasses constraint defi-

nitions for multiple geometric shapes, including Circle, Ellipse, Polygon, Parabola, Line,

and Cylinder, as illustrated in Figure 6.1. For enhanced flexibility, UserDefinedConstraints

functionality enables users to specify custom constraint geometries through either Python

scripts (.py) containing shape definitions or mathematical expressions provided as equation
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Figure 6.1: Spatial constraint geometries (circle, ellipse, parabola, line, polygon, cylinder

and user-defined functions) and associated constraint type (exact,max, distance and prede-

termined) implemented in Pysensors for constrained flow field reconstruction using the GQR

algorithm.

strings. The framework accommodates two primary data structures: image-based datasets

characterized by pixel coordinates and tabular datasets organized as dataframes with ex-

plicit spatial coordinates. During class instantiation, users must supply input data in one

of these formats: matrix form for image data or structured dataframe for tabular data. For

the tabular format, additional keyword arguments (kwargs) must specify column identifiers

for X axis, Y axis, Z axis, and Field parameters, facilitating proper data extraction from

the corresponding columns for downstream processing.
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Following class instantiation, as demonstrated in the code example of Listing 6.1, sev-

eral visualization methods become available: draw constraint() renders the constraint

geometry, plot constraint on data() overlays the constraint region onto a data snapshot,

and plot grid() displays all candidate sensor positions. The get constraint indices()

method serves as the core functionality for identifying sensors within constrained regions

across different data formats, returning the indices of sensors positioned within the specified

spatial boundaries. These indices are subsequently utilized in optimization algorithms to

enforce adherence to physical or operational constraints during sensor placement.

Listing 6.1: Constrained sensor selection workflow: (1) Define circular constraint with center

at (20,5) and radius 5, (2) Apply Generalized QR (GQR) optimization to select optimal sen-

sor locations within the constraint, (3) Fit SSPOR model with SVD basis, and (4) Visualize

selected sensors with constraint overlay.

c i r c l e = ps . u t i l s . c o n s t r a i n t s . C i r c l e ( c en t e r x = 20 , c en t e r y = 5 , rad iu s = 5 ,

l o c = ’ in ’ , data = X tra in )

c i r c l e . d raw cons t ra in t ( )

c i r c l e . p l o t c on s t r a i n t on da t a ( p l o t t ype=’ image ’ )

c i r c l e . p l o t g r i d ( a l l s e n s o r s=a l l s e n s o r s )

cons t idx , rank = c i r c l e . g e t c o n s t r a i n t i n d i c e s ( a l l s e n s o r s =

a l l s e n s o r s un c on s t , i n f o= X tra in )

s = 4

opt imize r = ps . op t im i z e r s .GQR( )

opt imizer kwargs={ ’ i d x con s t r a i n ed ’ : cons t idx ,

’ n s en so r s ’ : r ,

’ n c on s t s e n s o r s ’ : s ,

’ a l l s e n s o r s ’ : a l l s e n s o r s ,

’ c on s t r a i n t op t i on ’ : ” exact n ”}

ba s i s = ps . b a s i s .SVD( n bas i s modes=n s en so r s )

model = ps .SSPOR( ba s i s = bas i s , opt imize r = opt imizer , n s en so r s = r )

model . f i t ( X train ,∗∗ opt imizer kwargs )

t op s en s o r s = model . g e t s e l e c t e d s e n s o r s ( )

dataframe = c i r c l e . s enso r s data f rame ( s en so r s = top s en s o r s )
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c i r c l e . p l o t c on s t r a i n t on da t a ( p l o t t ype=’ image ’ )

c i r c l e . p l o t s e l e c t e d s e n s o r s ( s en so r s = top senso r s , a l l s e n s o r s = a l l s e n s o r s )

c i r c l e . anno ta t e s en so r s ( s en so r s = top senso r s , a l l s e n s o r s = a l l s e n s o r s )

The implementation shown in Listing 6.1 illustrates the application of the General

QR (GQR) optimizer for managing spatial constraints through the constraint option =

exact n parameter, which enforces the placement of precisely s = 4 sensors within the

designated constraint region. Critical optimization parameters are conveyed through the

optimizer kwargs dictionary, encompassing constrained indices (idx constrained), total

sensor count (n sensors), constrained sensor quantity (n const sensors), complete sensor

location set (all sensors), and the constraint specification. The SSPOR model incorpo-

rates both the basis functions and optimizer, with model training performed on the input

dataset X train using the designated optimizer parameters, resulting in optimal sensor con-

figurations that achieve equilibrium between reconstruction fidelity and spatial constraint

compliance.

Upon completion of the optimization process, the algorithm determines the optimal sensor

configuration through the get selected sensors() function, which produces a sensor subset

(top sensors) identified as most effective under the given constraints. These selected sen-

sors can be organized into a structured dataframe using the sensors dataframe() method

for comprehensive analysis. Visualization of the constraint configuration is accomplished

via the plot constraint on data() method, which creates a graphical representation over-

laying constraint boundaries onto the underlying data field. For comparative evaluation

purposes, the plot selected sensors() method provides visual distinction between opti-

mal sensor positions and the complete sensor array, while the annotate sensors() method

applies descriptive metadata labels to individual sensor locations, facilitating straightforward

interpretation of optimization outcomes.
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6.1.2 RAVEN

RAVEN [148] represents a comprehensive software framework designed for conducting para-

metric and stochastic analyses through the evaluation of complex system code responses such

as StarCCM+[125] or the Reactor Excursion and Leak Analysis Program (RELAP5-3D)

[137]. The framework’s flexible Application Programming Interfaces (APIs) enable seam-

less integration with any computational code, provided that perturbable parameters remain

accessible through input files or Python interfaces. Given RAVEN’s established role in com-

plex system analysis and its proven ability to handle high-dimensional parameter spaces, the

integration of constrained sensing functionality represents a natural and valuable extension

to its capabilities. Constrained sensing algorithms can significantly enhance RAVEN’s mon-

itoring and characterization capabilities by providing optimal sensor placement strategies

that respect physical, economic, and operational limitations.

Although RAVEN is built on a Python foundation, its XML input format ensures acces-

sibility for non-programming users, including experimentalists and domain specialists, who

can configure complex analyses through structured markup without requiring coding profi-

ciency. Sensor placement has been included as SparseSensing into the ravenframework as

a PostProcessor module within the Models component. Under the hood SparseSensing

leverages the Pysensors package to perform sensor placement optimization operations. Users

specify sparse sensing parameters through structured XML input files. More information on

this can be found in [148]. We demonstrate the SparseSensing postprocessor in the List-

ing 6.2 block below.

Listing 6.2: XML configuration for SparseSensing PostProcessor in RAVEN framework. The

configuration specifies a reconstruction goal using SVD basis with 4 modes, QR optimization

for placing 4 sensors, and temperature field reconstruction based on spatial coordinates (X,

Y) and temperature features.

<Models>

<PostProcessor name=”mySPSL” subType=” SparseSens ing ” ve rbo s i t y=”debug”>

<Goal subType=” r e c on s t r u c t i on ”>
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<f e a tu r e s>X (m) ,Y (m) , Temperature (K)</f ea tu r e s>

<target>Temperature (K)</target>

<bas i s>SVD</bas i s>

<nModes>4</nModes>

<nSensors>4</nSensors>

<opt imizer>QR</opt imizer>

</Goal>

</PostProcessor>

</Models>

The XML configuration defines a PostProcessor with subType SparseSensing and

debug-level verbosity for comprehensive output logging. The Goal element specifies whether

the sensor placement objective is reconstruction or classification of the target field.

The features tag identifies the spatial coordinates and field variable (X (m), Y (m), Tem-

perature (K)), while the target element designates the reconstruction variable of interest

(Temperature (K)). The dimensionality reduction approach is defined by the basis ele-

ment set to SVD (Singular Value Decomposition), with nModes specifying the number of

basis functions (4) to retain for reconstruction. The sensor placement strategy is controlled

through nSensors (4 sensors) and optimizer (QR decomposition), establishing the algo-

rithmic framework for optimal sensor selection within the specified spatial domain. Upon

execution of the XML configuration, the output produces a dataframe containing the opti-

mal sensor coordinates and corresponding target field values at those locations, along with

a visualization displaying the selected sensor positions overlaid on a field snapshot.

6.2 Outlook

While we have established foundational steps—optimizing sensors under spatial constraints,

providing uncertainty bounds, and classifying power profiles from temperature fields—significant

challenges remain. Our current reconstruction and sensor placement techniques are limited

to linear approaches and do not address critical control procedures needed once measure-

ments are obtained, particularly during anomalous or transient conditions. The following
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sections outline our roadmap for addressing these limitations and advancing toward a com-

plete monitoring and control framework.

6.2.1 Extension to non-linear sensor optimization

In this thesis, we focus on sensor placement strategies guided by linear reduced-order models

and reconstruction methods to reconstruct flow fields and classify control inputs driving the

observed dynamics. These linear methods are adequate for the problems discussed above,

offering uncertainty estimation and interpretability, particularly for reactor commissioning

and testing. However, some real-world systems exhibit inherent nonlinearity, whereas existing

approaches to feature selection and sensor placement typically rely on linearity assumptions

or overly simplistic statistical models. Otto et al. highlight that when these assumptions

fail, conventional techniques may lead to unnecessary sensing costs without guaranteeing the

recovery of the desired information from the measurements. [149].

Mutual information is a powerful statistical measure that quantifies the total correlation

between variables, capturing both linear and nonlinear relationships. Unlike traditional cor-

relation measures, which may only identify linear dependencies, mutual information provides

a more comprehensive view by accounting for all types of statistical dependencies, including

nonlinear ones [150]. This makes it an invaluable tool for understanding the intricate rela-

tionships between variables [151]. Some studies have leveraged mutual information for sensor

placement, recognizing its potential to optimize sensor configurations based on the amount

of shared information. However, many of these approaches assume an underlying Gaussian

distribution due to the computational complexity of directly calculating mutual information,

particularly for high-dimensional systems [3, 152, 153]. As a result, despite its theoretical

advantages, practical implementations often simplify or approximate the problem to make

it more tractable.

Belghazi et al [154] developed an alternative approach using the Mutual Information

Neural Estimator (MINE), that estimates mutual information between high-dimensional

continuous random variables, through gradient descent optimization on neural networks.
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A future direction for sensing would be to develop an innovative nonlinear framework for

sensor placement and field reconstruction, leveraging mutual information as the optimization

criterion. This is a critical metric for evaluating sensor configurations as it captures non-

linear correlations between selected sensors and unmeasured locations. To address this, we

designed an alternative approach using the Mutual Information Neural Estimator (MINE),

which involves training a neural network across various sensor configurations. This method

enables the identification of optimal sensor placements, even in cases where measured lo-

cations do not capture the highest signal variance, necessitating nonlinear reconstruction.

This framework opens new possibilities for efficient, data-driven sensor placement in complex,

high-dimensional systems.

6.2.2 Extension to real-time control for digital twins

Real-time control decisions, such as optimizing dispatch in an integrated energy system

based on sensor data from wind and solar production, are essential for maximizing nuclear

profitability while ensuring a safe and reliable power supply. Interpretable data-driven models

enable the digital twin to analyze this complex data effectively, providing actionable insights

for efficient, cost-effective operations. Determining optimal dispatch configurations further

enhances the digital twin’s ability to guide operational strategies, as the transparency of the

models ensures that engineers understand the reasoning behind recommendations, fostering

trust and facilitating implementation. These elements are essential to unlocking the full

potential of digital twinning in nuclear-integrated energy systems, ensuring both profitability

and reliability are achieved through informed, data-driven decisions. We have developed a

reinforcement learning-based controller to optimize energy dispatch within an integrated

energy system, using both historical and synthetic data from the Electric Reliability Council

of Texas (ERCOT) on solar and wind generation, grid demand, and electricity prices. The

agent is trained on synthetic data and tested on real-time data to ensure reliable, optimal

dispatch decisions. Additionally, seasonal trends in wind, solar, and demand outputs are

incorporated to enable the agent to make more informed decisions that respect the underlying
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dynamics of the data. To enhance interpretability, the controller generates mappings between

grid demand, wind generation levels, and the corresponding energy drawn from thermal

energy storage. These mappings make the digital twin’s dispatch decisions transparent and

comprehensible for human operators, supporting more effective real-time decision-making.
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[105] Ali Girayhan Özbay and Sylvain Laizet. “Deep learning fluid flow reconstruction

around arbitrary two-dimensional objects from sparse sensors using conformal map-

pings”. In: AIP Advances 12.4 (2022).

[106] Zhi Wang, Han-Xiong Li, and Chunlin Chen. “Reinforcement learning-based optimal

sensor placement for spatiotemporal modeling”. In: IEEE transactions on cybernetics

50.6 (2019), pp. 2861–2871.

[107] Jean Rabault, Miroslav Kuchta, Atle Jensen, Ulysse Réglade, and Nicolas Cerardi.
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