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ABSTRACT

Thermal Rating and Prediction of Roadway-Embedded Power Electronics for Dynamic

Wireless Power Transfer

by

Forrest D. Nichols, Master of Science

Utah State University, 2026

Major Professor: Regan A. Zane, Ph.D.
Department: Electrical and Computer Engineering

Dynamic wireless power transfer enables in-motion charging of electric vehicles through
roadway-embedded transmitter coils, reducing onboard battery requirements and extend-
ing operational range. Embedding the power electronics alongside the transmitter coils
within the roadway eliminates costly high-frequency cabling between roadside cabinets and
ground assemblies, but introduces thermal management challenges where passive cooling
must maintain component temperatures below rated limits without active cooling infras-
tructure. Analytical loss models, lumped-parameter thermal circuits, and finite element
methods provide accurate component-level thermal insight but require substantial engi-
neering effort per design, creating a bottleneck when multiple printed circuit board layouts
undergo iterative revision.

This thesis developed an integrated framework combining system-level loss simula-
tion, automated thermal measurement, and data-driven prediction to address this gap. A
variable-speed circuit simulation characterized component-level loss profiles under pulsed
operating conditions, revealing that systems designed for continuous full-load operation are

substantially overrated for actual roadway utilization. An automated pipeline translated
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printed circuit board design data into selective regions of interest for infrared thermal imag-
ing, enabling reproducible component-level temperature extraction across multiple board
designs. Three prototype boards were tested in both air and sand environments, with sand
serving as a cost-effective surrogate for roadway thermal boundary conditions. A Feature-
wise Linear Modulation-conditioned U-Net trained on this multi-board measurement data
learned infrared-to-thermocouple temperature residuals, predicting component-level tem-
peratures directly from thermal images and a compact thermal state vector without per-
design engineering effort.

Cross-design evaluation on two training boards and a held-out unseen board demon-
strated that the trained model captures transferable thermal coupling patterns rather than
design-specific spatial memorization. The resulting staged workflow—from simulation-based
loss characterization through automated measurement to machine-learning-assisted thermal
screening—replaced weeks of per-design finite element simulation setup with evaluations on
the order of minutes, providing a practical path toward rapid thermal assessment of em-

bedded power electronics prior to roadway deployment.

(146 pages)



PUBLIC ABSTRACT

Thermal Rating and Prediction of Roadway-Embedded Power Electronics for Dynamic
Wireless Power Transfer

Forrest D. Nichols

Electric vehicles can be charged while driving through wireless charging coils buried
in the road surface. To avoid running expensive cables from roadside equipment to each
charging pad, the electronics that control the power transfer can also be buried in the road.
However, burying these circuit boards removes the ability to cool them with fans or flowing
air, so the heat generated during operation must escape naturally into the surrounding
road material. If the boards get too hot, components fail—a problem that has already been
observed in prototype systems.

Predicting how hot each component on a circuit board will get when buried in a road is
difficult. Existing methods such as computer simulations and hand calculations are accurate
but take days to weeks of engineering work for each new board design. When multiple
boards are being developed at the same time and going through frequent design changes,
this process cannot keep pace. Current designs are also oversized because engineers assume
worst-case heat loads that rarely occur during actual roadway operation, adding unnecessary
cost and bulk.

This thesis develops a faster approach. First, a computer simulation estimates how
much heat each part of the system produces at different vehicle speeds, showing that actual
heat loads under pulsed roadway use are substantially lower than continuous worst-case
assumptions. An automated imaging pipeline then uses a thermal camera and contact
sensors to measure actual component temperatures on prototype boards tested in both

open air and sand—the sand simulating conditions inside a road. Finally, a machine learning
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model trained on these thermal measurements learns to predict component temperatures
for new boards without repeating the full simulation or measurement process.

Testing shows that the trained model recognizes general heat-flow patterns rather than
memorizing the layout of any single board, producing predictions within a few degrees
of measured temperatures even on boards it has not seen before. This framework gives
engineers a practical tool for checking whether a buried circuit board will overheat before
it is installed in a road, reducing thermal evaluation time from weeks of engineering effort

to minutes per design revision.
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CHAPTER 1
INTRODUCTION

The focus of this thesis is the thermal prediction of embedded DWPT power elec-
tronics. While prior work has demonstrated that transmitter coils can be reliably embed-
ded [4-6], embedding the remaining power electronics—inverter, compensation network,
and protection circuitry—introduces thermal design constraints that current methods do
not efficiently address. This thesis develops a thermally informed design framework for
embedded DWPT modules, progressing from system-level loss characterization and ana-
lytical estimation through automated experimental validation to machine-learning-based
rapid thermal screening. The resulting framework enables engineers to evaluate thermal
feasibility at each stage of the design process, supporting the transition from conservatively

overrated designs toward properly rated, cost-optimized embedded DWPT systems.

1.1 Background

Dynamic wireless power transfer (DWPT) enables electric vehicles to charge continu-
ously while in motion, removing the constraint of long stationary charging stops and allowing
meaningful reduction in onboard battery capacity. These advantages—lower vehicle weight,
reduced battery cost, and improved utilization of charging infrastructure—position DWPT
as an enabling technology for large-scale EV deployment. However, current DWPT pilot
systems face deployment barriers that limit scalability: high hardware cost, large phys-
ical footprint, complex installation logistics, and low system utilization relative to rated
capacity [7].

Many of these barriers share a common origin: existing systems are conservatively
overrated—designed for continuous full-load operation when actual roadway use is pulsed
and intermittent. Vehicles cross individual transmitter pads in fractions of a second, pro-

ducing duty cycles with average component losses well below continuous-load assumptions.
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Without thermal models that characterize component behavior under embedded, pulsed
conditions, designers have no reliable basis to tighten component ratings. Conservative de-
rating cascades into larger compensation networks, larger enclosures, longer high-frequency
cabling, and more disruptive roadway installation—each compounding system cost and de-
ployment complexity.

This overrating challenge exists against a backdrop of accelerating demand for EV
charging infrastructure. Global EV sales continue to grow, as shown in Fig. 1.1 [8], and life-
cycle analyses confirm that electrified powertrains produce lower cradle-to-grave emissions
than internal combustion engine vehicles across multiple vehicle classes [9].

Current plug-in Electric Vehicle Supply Equipment (EVSE) ranges from Level 1 AC
overnight charging through DC fast charging, as illustrated in Fig. 1.2. DC fast chargers
can provide a suitable charge within 20-30 minutes, but all plug-in systems require the

vehicle to stop and physically connect [10].
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Fig. 1.1: International EV sales by the million.
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Fig. 1.2: Comparison between EV and ICE vehicles. [1] [2] Assuming 150wh/km energy
efficiency for EVs.

Wireless power transfer (WPT) removes the stationary constraint by eliminating phys-
ical connectors entirely, reducing maintenance from connector wear and resolving some
compatibility issues across vehicle manufacturers. WPT architectures support both sta-
tionary and in-motion charging configurations, as seen in Fig. 1.3. Static WPT systems
provide hands-free charging but do not reduce onboard battery requirements, as the vehicle
must remain parked for the duration of the charge. Dynamic WPT systems charge vehicles
in motion, enabling practical battery size reduction and the associated benefits in vehicle
weight, cost, and raw-material demand. By reducing the energy drawn from the battery
during each trip, dynamic charging also decreases the time required for stationary top-up
charging between trips.

Current DWPT implementations house their power electronics in roadside cabinets
or underground vaults, with only the transmitter coils embedded in the pavement [7,11,
12]. High-frequency AC cabling between these external enclosures and the embedded coils
increases system inductance, constrains installation geometry, and adds substantial cost.
Embedding the power electronics directly in the roadway alongside the coils would eliminate
this cabling and enable a modular, scalable architecture—but introduces thermal design

constraints that the field has not adequately resolved.
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Fig. 1.3: Typical implementation of a DWPT system.

The severity of this thermal barrier was demonstrated during prior research at Utah
State University, when an embedded DWPT gate driver board experienced thermal run-
away resulting in power loss and component damage [13]. The failure originated in the gate
driver ICs and passive components with small thermal mass and narrowly rated tempera-
ture margins on the board. Post-failure analysis attributed the failure to thermal design
margins rather than a manufacturing defect. The board operated within its manufacturing
specification but exceeded component thermal ratings once embedded in the epoxy and
Chapter 2 examines this failure in detail and traces the research

concrete encapsulant.

progression through the thermal prediction methods motivated by it.

1.2 Literature Review

Wireless power transfer encompasses several architectures, of which capacitive and
inductive methods are the most applicable for the high power densities required by larger
vehicle classes. WPT was first demonstrated in the early 20th century by Nikola Tesla (US
Patent No. 593138 and US Patent No. 645576). Since that time, multiple WPT methods
have been investigated and adapted for EV charging applications. Those methods outlined
in red within Fig. 1.4 represent the most commonly utilized methods for electric vehicle

charging.
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Fig. 1.4: Various implementations of WPT.

1.2.1 Inductive Power Transfer

The most widely used form of WPT for electric vehicles is inductive power transfer
(IPT), implemented within wireless charging systems. This method allows for power to be
transferred via electromagnetic induction from a primary charging coil within the ground
to a secondary charging coil mounted on the underside of the vehicle. For this to occur, the
primary charging coil receives a high-frequency (HF) AC signal which generates a magnetic
field within the coil. When a secondary charging coil is brought within the proximity of
the primary, this magnetic field induces a voltage on the secondary coil allowing for power
transfer to occur. This power transfer can be described through the use of Maxwell’s
equations, and the coils can be modeled as loosely coupled inductors.

Standards outlining the power rating, frequency of transmission, and sizing for WPT
systems have recently been published [14]. These standards push commercial systems and
researchers to design with cross compatibility in mind between various vehicle manufacturers
and vehicle classes. Multiple tuning topologies have been researched and proven for WPT
systems, spanning both 3-phase and single-phase configurations [15,16]. While they share
a resonant transfer principle, topologies differ in element placement and design trade-offs.

These include series-series, series-parallel, LCCL-series, LCCL-parallel, LCCL-LCCL, and



other series hybrids as seen in Fig. 1.5 [17].
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Fig. 1.5: Different compensation networks relevant in inductive DWPT.

FEach tuning topology introduces different benefits and drawbacks, however LCCL-
LCCL has proven to be an attractive approach due to benefits in the system’s operability
under DWPT applications within roadways. LCCL tuning allows independent load power

regulation and offers flexibility under varying load and coupling conditions [16].

1.2.2 WPT System Design

The architecture of DWPT systems implementing IPT with a resonant tuning network
are similar in design and installation. The typical implementation involves a method of
sourcing power to the system, which can be of either low or high voltage range. This
voltage is then converted to a DC voltage through rectification. An inverter converts this
DC voltage to a high frequency (HF) AC voltage which is then connected to the primary
charging coil(s), or transmitter(s), through a tuning network to allow for power flow. Fig. 2.2

in Chapter 2 shows a typical implementation of a WPT system for both static and dynamic
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applications, representing a LCCL-LCCL tuning topology, which is the topology considered

in this research.

1.2.3 Embedded DWPT

Embedding dynamic WPT into roadways allows vehicles to draw power continuously,
which in turn allows for size reduction of the onboard battery module. A smaller battery
module in turn cuts vehicle weight and cost, boosts efficiency, and reduces raw-material
demand; all of which support scaling EV adoption.

When implementing WPT architectures of this nature in a static charging scenario the
placement of the transmitter pad and system utilized can be raised from the ground or
allow for minimal spacing between the road and the vehicle. This is convenient because it
minimizes the distance between the transmitter and receiver coils, allowing for maximized
coupling and ideal alignment.

For dynamic system implementation, a transmitter pad on top of a roadway, while
feasible, is unsafe for highway driving speeds. This constraint necessitates embedding the
primary side, or a portion of the primary side within the pavement of highways, or other in-
stallations of DWPT systems. Prior research [4-6] has demonstrated embedded transmitter
pads placed within various roadway compositions. In these cases the embedded ground as-
sembly consists of the transmitter coil (composed of litz wire), ferrite to shape the magnetic
fields within the roadway, and structural material to hold the coils per the design criteria.
These studies confirm that embedding the transmitter pad within the roadway is thermally

feasible and achieves expected system behavior during vehicle passes.

1.2.4 Previous Roadway-Embedded Implementations

While the transmitter pads of the ground assembly for embedded WPT systems are
included within the roadway, the remaining system hardware—resonant tuning network,
primary-side power electronics, and grid connection equipment—is typically housed exter-
nally. Several companies and universities have implemented partially embedded DWPT

systems following this architecture. ENRX [11], Electreon [12], and Purdue University in
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collaboration with INDOT [7] have each partnered with the ASPIRE Engineering Research
Center to install DWPT systems at the Utah State University Electrified Vehicle Research
(EVR) facility. In each case the power electronics remain in external cabinets or vaults
while only the transmitter coils are embedded in the pavement.

The Purdue system is particularly instructive: the team designed underground vaults
to house the power electronics, eliminating the roadside cabinet hazard but introducing the
thermal and moisture management challenges discussed in the following subsection [18].
This common architecture—embedded coils with external electronics—reflects a fundamen-
tal limitation: the thermal behavior of power electronics in embedded, pulsed-operation
conditions is not well enough characterized to confidently embed these components along-

side the coils.

1.2.5 Embedded DWPT System Design Challenges

Deploying DWPT at scale introduces challenges in physical footprint, cost, instal-
lation logistics, and system utilization. Many of these challenges share a common root
cause. Without thermal models that characterize embedded component behavior under
pulsed operation, designers apply conservative ratings sized for continuous full-load condi-
tions that the system rarely encounters. This conservative derating cascades through the
design. Oversized components require larger compensation networks, which require larger
enclosures, which require longer runs of expensive high-frequency litz-wire cabling, which
increase installation disruption and cost. Understanding the thermal margins of embedded
power electronics is therefore prerequisite to breaking this cascade and enabling properly
rated, cost-effective DWPT systems.

The typical design for current DWPT systems is given in Fig. 1.6. For static charging,
a cabinet-based architecture allows short connections between the power electronics and the
charging pad. For dynamic systems, however, cabinets must be placed at regular intervals
along the track or roadway, changing the design constraints substantially.

Housing the main system components within cabinets, while reliable and easily ser-

viceable, presents a hazard to those driving along the road and potentially limits DWPT
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Fig. 1.6: Cabinet-based DWPT architecture with primary-side power electronics housed in
an external enclosure and only the transmitter coil embedded in the roadway.

installations to the outside lane of highways. Purdue University addressed this constraint
by designing underground vaults to enclose their power electronics hardware [18]. While
vaults remove the roadside hazard, they introduce their own challenges. A buried enclosure
housing high-power electronics cycles between ambient and elevated temperatures during
operation. In climates with wide temperature swings, thermal cycling between ambient and
operating temperatures may promote condensation on interior surfaces and PCBs. Accumu-
lated moisture can increase the risk of corrosion and leakage currents on densely populated
circuit boards. Managing humidity in a sealed underground environment adds complexity
to what was intended as a simpler alternative to roadside cabinets.

In addition to the implications of their installation, connections within DWPT systems
require a special type of wire called litz wire. This wire is made of hundreds of bundles
of small copper wire, reducing the skin and proximity effects and allowing higher amper-
age capability while minimizing thermal losses. Prior work has characterized the thermal
and electrical behavior of litz wire and other embedded cabling in roadway environments,
demonstrating that the resistance and thermal performance remain manageable at typical
WPT operating frequencies [6,19,20]. However, for current DWPT system designs, high-
frequency high-power AC cables must run between the roadside cabinets and the ground
assembly.

These cables increase inductance for the tuning network and introduce eddy currents

within the system tuning, both of which can vary depending on the system installation and
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are undesirable for system installation and calibration. While litz wire is the best solution
for connecting the system’s modules together, it is expensive due to its manufacturing
process leading to a push towards a system design which minimizes wire lengths. The cost
of fabrication for these cables is high, leading to increased overall system cost. Due to these
constraints, system modularity is especially important when considering the connections
between transmitter pads and power electronics.

By embedding hardware which deals with HF AC waveforms directly in the roadway,
the proposed design minimizes external hookups and maximizes modularity, streamlining
both installation and module-level maintenance. This shift would allow for low frequency
cable to be used from the off-road grid connection to the system’s modules. Fig. 1.7 il-
lustrates how primary coils and their accompanying power electronics are grouped into

roadway-embedded modules.
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Fig. 1.7: Proposed embedded DWPT architecture with the AC regulator, resonant tuning
network, and transmitter coil co-located within the roadway, reducing high-frequency ca-
bling to the grid connection point.

Designing an Embedded DWPT system raises several feasibility questions at both pi-
lot and large-scale deployment levels. These include system thermal performance and loss
under variable utilization, reliability and longevity of embedded modules, power electronics

designed for repairability, cost-effectiveness of grid and multi-module connections, structural
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concerns such as size, weight, and load ratings, and the logistics of roadway conversion and
system installation. These considerations highlight the practical challenges of implementing
an Embedded DWPT system. The ASPIRE Engineering Research Center at Utah State
University operates an Electrified Vehicle Research (EVR) facility that provides a dedi-
cated test track for evaluating DWPT systems under realistic conditions. Multiple industry
partners—including ENRX [11], Electreon [12], and Purdue University in collaboration
with INDOT [7]—have installed partially embedded DWPT systems at this facility, each
employing cabinet-based power electronics with roadway-embedded transmitter coils. The
EVR facility enables direct comparison of DWPT architectures under controlled conditions
and provides the hardware testing infrastructure used in this thesis for validating embed-
ded thermal models. The thermal challenges identified through prior embedded power
electronics research—particularly the thermal failure modes observed during high-power

testing—motivate the predictive framework developed in the following chapters.

1.2.6 Thermal Prediction Approaches

Traditional thermal analysis for power electronics relies on either analytical modeling
or finite element methods (FEM). Analytical models, such as the Steinmetz equation and
RC thermal networks discussed in Chapter 2, provide fast estimates but make simplifying
assumptions about geometry and boundary conditions. FEM tools such as ANSYS Icepak
offer higher geometric fidelity at the cost of extended model setup time and computational
resources [13]. A single FEM simulation requires detailed geometry definitions, material
property assignments, and mesh convergence studies before producing results. Neither
approach provides fast component-level temperature estimates from measured data without
substantial per-design engineering effort.

Dense thermocouple instrumentation represents a measurement-based alternative but
incurs hardware costs, requires physical access to component surfaces, and provides limited
spatial coverage—typically monitoring fewer than 25 components per board. For embedded
DWPT systems where multiple PCB designs undergo concurrent development, the engi-

neering time required for per-design FEM setup or per-board thermocouple measurements
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creates a bottleneck in the design iteration cycle. Chapter 2 traces this progression of

methods and identifies the specific limitations that motivate a data-driven approach.

1.2.7 Machine Learning for Thermal Prediction

The preceding sections identified three limitations of existing thermal prediction meth-
ods: analytical models discard geometric detail, FEM requires prohibitive setup time, and
thermocouples provide only sparse spatial coverage. An alternative method must there-
fore account for the 2D layout of components and their local heat-spreading interactions,
transfer across PCB designs without per-board re-engineering, and produce component-level
temperature estimates in seconds rather than the hours required for FEM setup. Machine
learning methods meet these requirements by learning input-output mappings directly from

measurement data.

Fully Connected Networks

The simplest ML architecture for thermal prediction is the fully connected network
(FCN), which maps a fixed-length input vector to scalar or vector outputs through a se-
quence of dense layers. FCNs have been applied to thermal resistance estimation and
junction temperature prediction from tabular operating parameters [21,22]. These models
satisfy the speed requirement and can generalize across operating conditions when trained
on sufficient data. However, FCNs discard spatial structure entirely. The input is a flat
vector with no positional information. For embedded PCB thermal prediction—where com-
ponent position, spacing, and local heat-spreading patterns carry physical information—this

limitation is fundamental.

Convolutional Neural Networks

Convolutional neural networks (CNNs) address the spatial limitation by extracting
features through learned convolutional filters that preserve the 2D structure of image in-
puts. Standard classification CNNs (e.g., ResNet, VGG) have been adapted for regression

tasks by replacing the final softmax layer with linear outputs [23]. For thermal imaging,
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CNNs can learn to associate local spatial patterns—such as heat-spread gradients around
discrete components—with underlying temperatures [24]. The spatial convolution opera-
tions inherent to CNN architectures align naturally with the physics of thermal conduction,
where local temperature gradients influence neighboring regions through spatial coupling.
CNNs satisfy the spatial awareness requirement, but plain architectures produce a single
global output and do not generate the spatially resolved, pixel-level predictions needed for

component-level thermal screening.

Encoder-Decoder Architectures

Encoder-decoder architectures produce pixel-level outputs by first compressing the in-
put to a low-dimensional bottleneck representation and then upsampling back to the original
spatial resolution. The U-Net architecture [25], originally developed for biomedical image
segmentation, has become a standard encoder-decoder backbone for dense prediction tasks.
Skip connections between corresponding encoder and decoder layers preserve fine-grained
spatial detail that would otherwise be lost during downsampling. The encoder captures
progressively larger spatial contexts, from individual component neighborhoods at early
layers to board-wide thermal patterns at deeper layers. The decoder then reconstructs the
full-resolution prediction using both decoded features and preserved spatial detail from the
encoder through skip connections.

For embedded PCB thermal prediction, this architecture satisfies both the spatial
awareness and resolution requirements. The output is a pixel-level thermal map from which
individual component temperatures can be extracted. Other dense-prediction architectures
have been explored for physics-field problems. Operator-learning frameworks such as Deep-
ONet [26] and Fourier Neural Operator [27] learn mappings between function spaces and
offer theoretical generalization across domain geometries. However, these frameworks target
continuous PDE solution fields and require reformulation for the discrete component layout

and mixed boundary conditions characteristic of PCB thermal prediction.
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Temporal Modeling Approaches

While the spatial architectures above can predict steady-state thermal fields, embedded
DWPT power electronics operate under pulsed duty cycles with transient thermal behavior.
Recurrent neural networks (RNNs) and their gated variants—Long Short-Term Memory
(LSTM) [28] and Gated Recurrent Units (GRU)—model sequential dependencies in time-
series data and have been applied to thermal time-series forecasting from historical sensor
readings [29]. RNNs satisfy the temporal modeling requirement but operate on 1D sequences
and do not natively process 2D spatial inputs such as thermal images. Hybrid CNN-LSTM
architectures combine spatial feature extraction with temporal modeling but increase model
complexity and training data requirements.

A practical challenge specific to thermal prediction from images is that spatially iden-
tical thermal patterns can correspond to different component temperatures depending on
the operating phase. During warm-up, a uniform 30°C thermal image has different implica-
tions than the same image during cool-down from a higher operating point. This temporal

ambiguity cannot be resolved by spatial architectures alone.

Conditioning Mechanisms

Conditioning mechanisms address the temporal ambiguity without requiring sequen-
tial input processing, by injecting external context directly into the spatial feature pipeline.
Feature-wise Linear Modulation (FiLM) [30] applies learned affine transformations—scale
and shift—to convolutional feature maps based on auxiliary inputs such as elapsed time
or operating-point statistics. Originally developed for visual reasoning tasks [30], FiLM
has been adapted to physics-informed tasks where a small number of scalar parameters
must modulate spatial predictions [31]. The mechanism is lightweight, adding only two
parameter vectors per conditioned layer with minimal computational overhead. By embed-
ding operating-phase information as channel-wise transformations throughout the encoder-
decoder backbone, FiLM enables a single spatial model to produce temporally contextual-
ized predictions. This satisfies the speed requirement by avoiding the overhead of recurrent

processing while retaining temporal awareness.
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The combination of an encoder-decoder spatial backbone with FiLM conditioning ad-
dresses all three requirements: spatial awareness from the convolutional architecture, gen-
eralization potential from training across multiple PCB designs, and rapid inference from a
single forward pass. The specific model architecture and training procedure developed for

this work are described in Chapter 4.

1.3 Thesis Organization

This thesis contributes a thermally informed design framework for embedded DWPT
power electronics. The framework addresses the thermal prediction gap through three com-
plementary approaches: system-level loss characterization under pulsed utilization, auto-
mated thermal measurement and validation for embedded PCBs, and ML-based cross-design
thermal prediction. Together, these tools enable engineers to evaluate thermal performance
at each stage of the design process, replacing conservative worst-case ratings with compo-
nent selections informed by actual embedded thermal behavior.

The thesis is organized into five chapters. Chapter 2 traces the research progression
through multiple thermal analysis methods, beginning with a variable-speed PLECS simula-
tion to characterize system-level losses under pulsed utilization, then exploring component-
level analytical methods and reviewing the FEM thermal modeling framework established
by prior work. The chapter concludes by identifying the PCB-level prediction gap that
motivates the remaining chapters. Chapter 3 describes the automated validation frame-
work for embedded PCBs, covering the SROI file generation pipeline for FLIR thermal
imaging and the thermal testing methodology that produces training data for the machine
learning model. Chapter 4 presents a FiLM-conditioned U-Net thermal prediction model
trained on FLIR thermal images and thermocouple ground truth data from multiple PCB
designs, evaluating cross-design generalization for component-level temperature prediction.
Chapter 5 summarizes the contributions, provides practical design recommendations, and

outlines future research directions.



CHAPTER 2
DESIGN CONSIDERATIONS FOR EMBEDDED POWER ELECTRONICS

Thermal stress is the dominant failure mechanism for roadway-embedded DWPT power
electronics. Failure Mode and Effects Analysis (FMEA) consistently ranks compensation
capacitors and switching devices as the highest-risk components in these systems [32, 33].
The severity of this risk was demonstrated during prior research at Utah State Univer-
sity, when a DWPT gate driver board embedded in an epoxy and concrete encapsulant
experienced thermal runaway that resulted in component damage and unintended power
flow through the board [13]. Post-failure analysis attributed the failure to thermal design
margins rather than a manufacturing defect. The board operated within its manufacturing
specification but exceeded component thermal ratings once embedded in the epoxy and
concrete encapsulant. This failure underscored the need for thermal prediction methods
that can identify at-risk components before a board is committed to roadway deployment,
so that design modifications can be validated prior to installation.

Prior work addressed this need through finite element method (FEM) thermal model-
ing, developing an ANSYS Icepak framework for embedded DWPT components and vali-
dating it through a 25% scale capacitor bank prototype tested in both air and sand environ-
ments [13]. That work demonstrated passive cooling feasibility for a distributed low-power-
density architecture and confirmed that FEM predictions agree with measured temperatures
when boundary conditions are well characterized. However, FEM requires substantial per-
design engineering effort—geometry construction, meshing, material assignment, and mesh
convergence studies—creating a bottleneck when multiple PCB designs undergo concur-
rent development. The present thesis extends this prior work by investigating a broader
suite of thermal prediction methods—from analytical estimation through circuit simulation
to machine learning—that trade off fidelity, computational cost, and adaptability to new

designs.
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Design engineers developing embedded DWPT power electronics face a practical dis-
connect between design-stage assumptions and deployed thermal behavior. Prior work on
this system assumed continuous full-load operation, yet roadway DWPT systems experi-
ence pulsed utilization—the system activates only as vehicles cross transmitter pads. Duty
cycles vary with traffic density and vehicle speed, and components designed and validated
in air may behave differently when embedded in sand, epoxy, or concrete. This mismatch
can require costly redesign after deployment. Engineers need methods that provide timely
thermal insight across operating conditions and embedding environments, without months
of FEM setup or full-system prototype testing for each design revision.

The embedded architecture migrates the transmitter coil and compensation network
into the roadway stack-up, as illustrated in Fig. 1.7. Active cooling is not feasible for
long-term roadway embedding due to maintenance access and infrastructure constraints,
requiring passive thermal management strategies. Prior work [13] employed a distributed
low-power-density architecture using polypropylene film capacitors spread over larger sur-
face areas, exploiting roadway thermal mass for conductive heat transfer.

This chapter traces the research progression through multiple approaches to this ther-
mal prediction challenge. Section 2.1 develops a variable-speed PLECS simulation frame-
work that characterizes system-level losses under pulsed utilization as a function of vehicle
speed and pad configuration. Section 2.2 explores component-level analytical methods—
inductor core loss using the improved generalized Steinmetz equation (IGSE) and capacitor
dielectric loss for the compensation network—followed by lumped-parameter RC thermal
models for projecting transient and steady-state temperatures from those losses. Section 2.3
reviews the FEM thermal modeling methodology and experimental validation established
in [13], framing it as the highest-fidelity benchmark. Section 2.4 confronts the full-PCB
prediction challenge that none of the preceding methods solve in isolation. Section 2.4
compares all methods and identifies the gap that motivates the experimental validation

framework (Chapter 3) and machine-learning approach (Chapter 4) in subsequent chapters.
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2.1 Simulation Development

Prior research on the USU DWPT system assumed steady-state full-load operation,
treating the system as if it were continuously energized. However, roadway DWPT systems
experience variable utilization depending on traffic density and vehicle speed. The system
pulses on and off as vehicles cross transmitter pads, and the resulting duty cycles directly
influence component losses and thermal behavior. Understanding how losses change across
utilization ratios is important for thermal design of embedded systems, where the embedding
medium retains heat and transient dynamics differ from air-cooled operation. To capture
these effects, a variable-speed PLECS simulation was developed in MATLAB /Simulink. The
simulation models variable coupling between primary and secondary pads across different
vehicle speeds, pad lengths, and multi-second transient scenarios representative of roadway
operation. Simulation targets include passive component loss magnitudes and overall system
loss as functions of speed and utilization. The per-component loss breakdown also motivates
the thermal design goal illustrated in Fig. 2.1: identifying the maximum utilization ratio at

which each component remains within its thermal rating.
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Fig. 2.1: Expected loss behavior of system components under variable utilization.

To begin this process, a simulation capable of variable coupling between the primary

and secondary coils was required. Previous work on the simulation of a DWPT system
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with a split LCCL-LCCL tuning topology was leveraged as a starting point [6]. Fig. 2.2
shows the split LCCL-LCCL tuned system used in this research, consisting of a full-bridge

inverter, primary and secondary LCCL compensation networks, and a diode rectifier feeding

the load.
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Fig. 2.2: WPT system implementing a split LCCL-LCCL tuning topology.

2.1.1 Coupled Inductor Model

Prior to explaining the variable coupling implementation, the standard coupled induc-
tor model is reviewed. Inductive wireless power transfer systems are typically modeled as
a loosely coupled transformer as seen in Fig. 2.3. This example shows a single transmitter

and single receiver case for simplicity. The two-port network and current relationships for
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Fig. 2.3: Circuit diagram showing two loosely coupled coils.
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this system can be represented in matrix form as given in (2.1).

U1 Ly M| |4
= dat (2.1)

() My Ly | |%
where v; and vy are the terminal voltages of the transmitter and receiver coils, Ly and Lo
are the self-inductances of each coil, and i1 and i9 are the coil currents. Mo is the mutual

inductance between the two coils and is related to the coupling coefficient & through (2.2).

Mg = k/L1 Lo (2.2)

For a generalized system with m transmitter coils and n receiver coils, the inductance matrix
is an (m +n) x (m + n) symmetric matrix whose diagonal entries are the self-inductances
and whose off-diagonal entries are the pairwise mutual inductances (M;; = Mj;), as seen
in (2.3). In the case of stationary WPT systems with a fixed air gap and alignment, these

values are constant.

Ll M12 e Ml,m—i—n
Moy Lo coo Moy
Lmat = . . ) m " (23)
_Mm—i-n,l Mm+n,2 e Lm+n i

However, for a DWPT system the self and mutual inductances vary as vehicles move
over the pads, necessitating a time-varying inductance matrix. The diagonal and off-

diagonal entries become functions of time—L;(t) and M;;(t)—as seen in (2.4).

[ L) M) Mg
Lmat(t) _ Mgl(t) LQ.(t) . M27m.+n(t> (24)
_Mm-i-n,l(t) Mm+n,2 (t) T Lm+n (t) ]

To create this time-varying inductance matrix, a method of calculating the self and



21

mutual inductances at various positions is needed. These values are dependent on the mis-
alignment between the transmitter and receiver. Because vehicle speed maps position to
time, Ly,q¢(t) can equivalently be expressed as Ly, (x), where z is the longitudinal mis-
alignment between the transmitter and receiver. While lateral misalignment could also be
considered, this research focuses on longitudinal misalignment only. The position-dependent

inductance matrix is given in (2.5).

Ly() Ma(z) - Mimyn(z)
Lmat(x) _ M21 (1‘) LQ({E) -. .. . M2,m+n(x) (25)
_Mm+n,1(x) Mmin2(x) -+ Lmin(z) i

To illustrate this process, Fig. 2.4a shows a simple example of a single transmit-
ter-receiver coil pair with respect to distance across the transmitter coil, while Fig. 2.4b
shows the corresponding coupling variation over time as speed changes. For this work, the
FEM software Ansys Maxwell was used to calculate the self and mutual inductances at
various distances, and prior coil designs were leveraged to create the time-varying Ly,q:(x)

matrix within a PLECS simulation.

2.1.2 System Parameters and Loss Models

The circuit model matches the USU DWPT hardware operating at a resonant frequency
of f = 85kHz with a DC bus voltage of Vpc = 600V and a rated current of Ipc =
300 A per turn. Primary and secondary LCCL component values—bridge inductors, parallel
capacitors, series capacitors, and filter elements—are derived from the system’s nominal
coupling point and the resonant design constraints described in [6].

To capture real component behavior, parasitic resistances are assigned to each reactive
element through quality-factor-based models following the methodology used in [34, 35].

Each inductor’s equivalent series resistance is computed as

wlL

R, =%~
LT QL

(2.6)
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Fig. 2.4: Single transmitter and single receiver coil longitudinal misalignment and speed
variation effects.

where w = 27 f is the angular switching frequency. The inductor quality factor is set to

Q1 = 400, and each capacitor’s equivalent series resistance is

1

Re=6"a0

(2.7)

with Q¢ = 500.

These quality factors are representative of high-frequency Litz-wire inductors and celem
capacitors included within the system. Including these parasitics ensures that the simulated
loss distribution across reactive components reflects measured hardware behavior rather
than ideal lossless assumptions.

Switching device losses are modeled using the PLECS thermal description of the Wolf-
speed CAB450M12XM3 silicon carbide (SiC) half-bridge module. PLECS computes conduc-
tion and switching losses at each simulation time step from manufacturer-provided lookup
tables of on-state voltage drop versus current and switching energy versus current and volt-

age. A junction-to-case thermal resistance of Ry ;. = 0.3K/W and an ambient temperature
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of Tomp = 25°C define the thermal boundary for the semiconductor model, allowing the

simulation to track estimated junction temperatures alongside electrical waveforms.

2.1.3 Variable-Speed Sweep Framework

Because a DWPT system activates only as a vehicle crosses each transmitter pad, the
speed of the vehicle determines both the duration of power transfer and the resulting duty
cycle. Converting the position-dependent coupling profiles from Section 2.1.1 into time-
domain waveforms requires a distance-to-time mapping governed by vehicle speed. For a
vehicle of length [y, and a nominal inter-vehicle period Tc,, (the time between successive
vehicle arrivals at a given transmitter pad), the time that a single receiver pad overlaps a
transmitter at speed v is

Ly,
text = Teh : Nsec (28)

where Nge is the number of secondary (receiver) pads on the vehicle. The simulation sweeps
vehicle speeds from 10 to 100 kTm in 10 kph increments and evaluates one-, two-, and three-
pad receiver configurations at each speed. This produces a matrix of operating conditions
that spans the utilization range from near-continuous to lightly loaded operation.

The simulation workflow is shown in Fig. 2.5. The setup begins with user-defined
parameters including initial speed, speed increment, vehicle period, and the number of
secondary pads. For each transmitter—receiver pad combination, Ansys-Maxwell-derived
coupling profiles versus distance are imported. These inductive coupling values, along with
primary and secondary resonant component parameters and parasitic resistances, define the
electrical model. The process loops over multiple vehicle speeds, as shown in Fig. 2.5, where
distance—time scaling is adjusted to reflect pad transitions at different velocities.

PLECS Standalone executes each operating point with a variable-step solver. The
maximum time step is set to (1/f)/50 ~ 235ns, providing at least 50 solver evaluations
per switching period for adequate resolution of SiC switching transients. A relative tol-
erance of 1072 and a simulation time span of 50 ms per operating point balance accuracy

against computation time. For each case, mutual inductance matrices are generated to cap-
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Fig. 2.5: Simulation flowchart for variable speed and coupling DWPT system.

ture multi-receiver interactions, and the corresponding PLECS circuit model is simulated.
Each speed and pad combination produces an independent results file, enabling parallelized
execution across multiple MATLAB workers when sweep times would otherwise become
prohibitive. The simulation setup is seen within the PLECS Standalone environment in

Fig. 2.6.

2.1.4 Simulation Results

Post-processing scripts collect the per-case output files, compute average transferred
power and total energy loss for each speed and pad configuration, and export the results
to CSV files for visualization. This framework enables systematic evaluation across the full
matrix of speeds and pad arrangements. Fig. 2.7 shows an example of an application of the
simulation to be used for simulating the primary-side power transfer for multiple vehicle

speeds and receiver pad configurations, this figure shows the variations of the simulation
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Fig. 2.6: Schematic of the split LCCL-LCCL tuned DWPT system used for simulation
development.

with a single transmitter pad and one, two, and three receiver pads for the example split
LCCL-LCCL system.

The simulation results validate the power loss distribution within the system and, by
extension, the thermal loading on each component. As a first check, the average power
transfer was confirmed to decrease with speed, as shown in Fig. 2.8. The parasitic losses
within the system were then extracted and the total power loss is plotted in Fig. 2.9a. As
speed increases, the duty cycle drops, the average power transfer decreases, and the total
loss follows the same downward trend. This can also be seen in the breakdown of losses
across system components, shown in Fig. 2.9b, where the loss magnitudes decrease with
speed for each component group within the system itself.

However, PLECS produces electrical losses, not temperatures, and translating those
losses into thermal predictions requires a separate thermal model. PLECS does support
built-in thermal simulation through manufacturer-provided thermal descriptions—for exam-
ple, the Wolfspeed CAB450M12XM3 SiC module used in Section 2.1 includes conduction-
and switching-loss lookup tables and a junction-to-case thermal network. In principle, a
designer could construct a complete electrothermal model within PLECS by chaining com-
ponent thermal descriptions with board- and enclosure-level thermal networks. In practice,

however, manufacturer thermal data covers only a limited set of power semiconductor mod-
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Fig. 2.7: Primary side power transfer for multiple vehicle speeds and multiple receiver pads
for example split LCCL-LCCL system.

ules, and extending thermal models to passive components, PCB substrates, and embedding
media would require the designer to build custom thermal descriptions for each element—an
effort comparable to FEM setup.

These simulation results carry a direct design implication. The component loss data
in Fig. 2.9 confirm that systems designed under continuous full-load assumptions are over-

rated for actual roadway utilization: pulsed operation produces substantially lower average
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and secondary sides of the example split LCCL-LCCL tuned system.

losses in every component group—compensation inductors, capacitors, and switching de-
vices alike. In principle, a designer could exploit this margin by selecting components
rated closer to their actual pulsed thermal envelope rather than their continuous full-load
envelope, reducing component size, enclosure volume, and overall system cost. Realizing
this design freedom, however, requires thermal models that accurately predict component

temperatures under embedded, pulsed conditions. Without such models, a designer has
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from 10 kTm to 100 kTm to capture the effect of pulsed utilization on component losses.
(b) Power loss breakdown across system components for 10 kTm to illustrate the relative
contribution of each component to total system loss.

no way to determine how much derating margin can be safely recovered, and conservative
continuous-load ratings remain the only defensible choice. The simulation therefore quan-
tifies the opportunity for properly rated design but does not, by itself, provide the thermal
prediction tools needed to capture it. The remaining sections of this chapter trace the
progression toward those tools.

The RC thermal circuit model uses nominal material properties assigned from com-
ponent datasheets and published literature values; no calibration against the measured
thermocouple records was performed. The model is therefore best interpreted as providing
order-of-magnitude thermal estimates and relative comparisons between component groups
rather than a calibrated predictive tool. A parameterized calibration study—varying the
thermal interface paste conductivity, the convective heat transfer coefficient at the exposed
resistor and heatsink surfaces, and the sand thermal conductivity and specific heat for the
buried configuration—against the experimental thermocouple records would identify a best-

fit parameter set with quantified uncertainty bounds. This calibration effort is identified as
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future work in Section 5.4.

2.2 Component-Level Thermal Exploration

With system-level losses characterized by the PLECS simulation, the next step was
to determine whether individual component thermal behavior could be predicted through
analytical methods and scripted calculations. These approaches would give a designer fast
turnaround without requiring FEM simulation for each component. The system topology
follows the LCCL-LCCL design in Section 2.1. The dominant losses within the system
include conduction losses, switching losses, and core losses, distributed across the inverter,
rectifier, resonant network, and coils. Previous work addressed the loss mechanisms of
an approximate load, capacitor bank, and inverter switching module for a 100 kW split
LCCL-LCCL DWPT system [13].

Those calculations assumed steady-state operation and did not account for the pulsed
nature of DWPT. This section extends those calculations to include pulsed operation and
examines whether the resulting loss estimates, combined with lumped-parameter thermal
resistance networks, can produce temperature predictions accurate enough to guide em-
bedded design decisions. Two analytical approaches are examined. First, the Improved
Generalized Steinmetz Equation (IGSE) [36] estimates frequency-dependent core losses for
the series resonant inductors under pulsed DWPT excitation. Second, lumped-parameter
RC thermal circuits following the methodology of [37] translate expected losses within the
inverter of the split LCCL-LCCL tuned example system into temperature predictions for a

power resistor assembly in air-cooled and sand-embedded configurations.

2.2.1 Inductor Core Loss Approximation

For an inductor the losses can be broken down into two main categories, core losses and
copper losses. Core losses can be predicted through the use of Steinmetz equations (SE),
which approximate core loss by leveraging empirical data provided by core manufacturers.
Methods of accurately calculating core loss for an inductor are well known and have been

improved upon since the inception of SE [36,38,39]. The original Steinmetz equation is
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given in (2.9), where P, is the core loss per unit volume, f is the frequency of operation, B

is the peak flux density, and k, a;, and 8 are curve-fitting coefficients determined empirically

for the core material.

P, =k f*B"? (2.9)

While (2.9) allows for accurate approximation of the empirical data provided for various
core materials, this equation assumes a sinusoidal current waveform present throughout
the inductor. For a DWPT system, a non-sinusoidal current waveform is present due to
the behavior of the resonant network, which in turn, presents a challenge for accurately

calculating core loss due to the non-ideal waveform as seen in Fig. 2.10a.

180 Major loop region
Minor loop region

Current,

130

80

30

Current [A]

Time [us]

(a) (b)

Fig. 2.10: (a) Current waveform for the primary series inductor of a split LCCL-LCCL
topology, (b) LCCL tuned inductor used for IGSE core loss approximation and case study
of complexity of loss approximation due to non-sinusoidal waveforms.

For a more accurate approximation of the core losses within an inductor, approximating
the waveform as a piecewise function is possible, and allows for a more accurate core loss
approximation. This process involves identifying the minor and major loops of the wave-
form, calculating the loss for each segment, and then summing these losses. This process is
outlined in [36] and improved upon in [39].

For this research, the MATLAB script developed within [36] is accurate enough when
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using one period of a waveform to accurately predict the core loss based on only Steinmetz
parameters, i.e. k, a, and 8. The equations utilized within this script are given in Equations
2.10 and 2.11, where k; is a modified Steinmetz coefficient, AB is the peak-to-peak flux
density, 7" is the period of the waveform, V; is the voltage across the inductor during time
step 7, N is the number of turns of the inductor, A, is the cross-sectional area of the core,

and At; is the time duration of time step j.

_ ki(AB)P Vi |*
k; = g 1.7061 o
9B+1 ra—1 <O.2761 + a+.1.354)

Leveraging this original script, and the main core loss calculation function within, a new
script was built to automate the process of inputting the empirical data from datasheets,
specifically from the power per unit volume vs frequency plot. This new script converts this
picture into data points from minimal user input and automatically calculates the Steinmetz
parameters to fit the data. The ferrite used in the 100 kW split LCCL-LCCL DWPT system
is N87 ferrite from TDK [3]. A typical U and I core combo would be using U 93/76/30 with
1 93/28/30, the specifics of which are given in [40]. From these datasheets, the empirical
data seen in Fig. 2.11 is given.

Using the script mentioned previously, the Steinmetz parameters were calculated for

this core material.

Table 2.1: Steinmetz parameters for TDK N87 ferrite core.

Temperature (°C) o' B k
25 1.3467 2.5115 8.2381e-03
100 1.7950 3.0640 9.3162e-05

Figs. 2.12a and 2.12b show the curve fit applied to the empirical data given. Due
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Fig. 2.11: Empirical data for TDK N87 ferrite core loss per unit volume. [3]

to the temperature dependence of the core material, this process was repeated for two
temperatures, 25°C and 100°C. These two temperatures were chosen to represent the typical
operating temperature of the system, and a high operating temperature which the system
may see during operation. The TDK Ferrite Magnetic Design Tool (MDT) was used to
verify the accuracy of the Steinmetz parameters calculated at 100°C within 2.5% accuracy
and the values calculated at 25°C are expected via extrapolation of this tool’s data [41].
This allows flux-density calculation directly from the inductor current waveform, en-
abling accurate core loss approximation. Fortunately, the inductance, number of turns,
and cross-sectional area of the core are known, allowing for conversion from current to flux

density via (2.12).
R0
- NA

B(#) (2.12)

where B(t) is the flux density, i(¢) is the current through the inductor, L is the inductance

of the inductor, N is the number of turns of the inductor, and A, is the cross-sectional area,
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of the core. This waveform mirrors the current waveform, and is shown in Fig. 2.13.
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Fig. 2.13: Flux density waveform for the primary series inductor of the split LCCL-LCCL

topology.

Utilizing the flux waveform and the Steinmetz parameters seen in Table 2.1, the core

loss at the two operating temperatures provided in the datasheet are shown in Table 2.2.
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Table 2.2: Core loss for primary series inductor of split LCCL-LCCL topology.

Temperature (°C) Core Loss (W)

25 118.613
100 83.822

As a further double-check, these values match the previous trend seen within the refer-
ence data as the core increases in temperature for this material. These data points enable
interpolation, as illustrated in Fig. 2.14, to estimate core loss at intermediate tempera-

tures. With the inductor core losses established, the next step is to determine whether
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Fig. 2.14: Simple interpolation from 25°C to 100°C for core loss approximation.

these losses—combined with lumped-parameter thermal circuits—can produce useful tem-
perature predictions. These core loss results feed directly into the thermal resistance models
developed in Section 2.2.2.

This automated pipeline provides efficient loss prediction for a specific core geome-
try and material at multiple temperatures. However, inductor core loss represents only

one facet of a complete embedded inductor thermal model. Predicting inductor thermal
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behavior within a roadway would also require characterizing the magnetic effects of sur-
rounding materials—concrete, sand, and ferrite proximity—on inductance and coupling.
The thermal interface between the inductor assembly and the embedding medium adds fur-
ther complexity. Prior work demonstrated that even modeling the compensation capacitor
bank, a single component type, required parameterized FEM simulations to achieve accept-
able accuracy [13]. Extending the same methodology to the inductor, with its additional
magnetic design complexity, exceeds the scope of this research. The inductor loss analysis
presented here provides a validated starting point for core loss estimation, while embedded

thermal prediction for this component remains an open challenge.

2.2.2 Lumped-Parameter Thermal Circuit Analysis

With component-level losses established, the next step was to determine whether
lumped-parameter RC thermal circuits could translate those losses into usable tempera-
ture predictions without FEM. In an RC thermal circuit, heat flow is modeled as current
through a resistance—capacitance network: thermal resistance replaces electrical resistance,
temperature replaces voltage, and power dissipation replaces current. This approach has
been demonstrated for liquid-cooled high-power EV charger modules, constructing multi-
node RC networks from manufacturer thermal data and material properties to predict
junction temperatures for T-type power modules on cold plates [37]. For this research, an
analogous methodology was applied to a simpler target: the power resistor load assembly
used in prior proxy inverter load simulation development and testing [13].

The steady-state temperature rise above ambient for any node in such a network is

AT = Plogs - RQ,ja (2'13)

where Plogs is the component power dissipation and Ry, is the total source-to-ambient
thermal resistance. For the power resistor assembly, the total resistance is the series sum of
individual layer resistances along the dominant heat path: R ;o = Rg core + 129 shel + 1o, TiM +

Rgns + R amb, where the subscripts denote core-to-shell, shell-to-heatsink (through the
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thermal interface material), heatsink spreading, and heatsink-to-ambient paths respectively.
Transient behavior is captured by augmenting each node with a thermal capacitance Cy =
p-cp-V, where p is the material density, ¢, is the specific heat capacity, and V' is the element

volume. This yields a first-order time constant 7 = Ry - Cy per layer and a step response of
T(t) = Tamb + Ploss - RH,ja (1 - e_t/Teq) (2.14)

where 7.4 is the equivalent time constant of the lumped network. For DWPT operation the
pulsed nature of vehicle crossings introduces cyclic thermal loading, and when thermal time
constants (seconds to minutes) are much longer than the activation pulse (60 ms for a 1 m
pad at 60km/h), the response approaches a time-averaged steady state scaled by the duty
cycle D = text/Tear-

To test this approach, PLECS thermal circuit models were built for the power resistor
assembly in both air-cooled and sand-embedded configurations. Each resistor dissipates
45 W and is mounted on a Wakefield 510-9M heat sink via Laird Tgrease-1500 thermal

interface material. Fig. 2.15 shows the physical assembly.

Fig. 2.15: Power resistor load assembly with heatsink.
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The air-cooled model traces the heat path from the ARCOL cylindrical resistor body—
through the ceramic core, aluminum shell, thermal paste interface, and heat sink fins—to
the surrounding air (T, = 20°C). Each layer in the path contributes a thermal resistance
computed from its geometry and material conductivity: aluminum (kK = 210 W/mK),
ceramic (k = 28 W/mK), and thermal paste (Ry, = 0.021 in? °C/W per the Laird Tgrease-
1500 datasheet, ASTM D5470 test method).

Finally, heat dissipation from the fins to the room air was modeled using published
natural convection correlations for vertical fin channels [42,43]. A blended convective co-
efficient accounts for air drawn into the fin channels from below and along the open fin
tips, and fin efficiency was included to correct for the temperature gradient along each fin.
Inter-fin radiation was estimated from fin surface view factors (e4; = 0.06), though its con-
tribution is small compared to convection. The enclosure was modeled in a “box” mode with
3mm clearance beneath the heat sink to approximate the semi-confined test environment.
Fig. 2.16 shows the resulting RC circuit representation for the air-cooled configuration.

For the sand-embedded model, the convective fin-to-air boundary was replaced with
conductive heat transfer into the embedding medium (ksana = 0.22 W/mK). The sand
domain geometry was parameterized from the HDPE test container (0.610m x 0.406 m
x 0.352m), and sand thermal properties—density (psana = 1700kg/m?) and specific heat
(cpsand = 800 J/kgK)—were estimated from published values for dry play sand. Because
sand fills the space around and between the fins, the embedded model requires additional
thermal paths not present in the air model. These include conduction from the heatsink
envelope into the sand in multiple directions (downward, sideways, upward, and longitudi-
nally), the thermal mass of sand packed between the fins, and the HDPE container walls
that form the outer boundary. The outer container wall uses a convective coefficient of
h = 7.5 W/m?K to room air (T, = 21°C), and the simulation duration was extended to
28,800 (8 hours) to capture the full experimental transient. Fig. 2.17 shows the RC circuit
representation for the sand-embedded configuration, and Fig. 2.18 shows the full PLECS

schematic used to implement the embedded thermal model.
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(Thermal capacitances, Cy,, omitted for simplicity)
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Fig. 2.16: RC thermal circuit model for the air-cooled power resistor proxy inverter load
assembly.

MATLAB initialization scripts defined all geometry, material properties, thermal re-
sistances, and capacitances, and the PLECS solver computed the transient temperature
response at each circuit node. As shown in Fig. 2.19, the air-cooled analytical model tracks
the measured temperature trend well. The steady-state resistor temperature predictions
are within approximately 5°C of the thermocouple measurements, and the heatsink pre-

dictions are within approximately 10°C. The analytical model consistently over-predicts
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Thermal equivalent circuit of a power resistor with heatsink embedded within sand
(Thermal capacitances, Cy,, omitted for simplicity)
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Fig. 2.17: RC thermal circuit model for the sand-embedded power resistor proxy inverter
load assembly.

temperature, which is conservative from a design perspective.

The sand-embedded configuration (Fig. 2.20) shows similar trend agreement, but the
analytical model over-predicts temperatures by approximately 10 °C throughout the entire
transient for both the resistor and heatsink locations. This persistent offset reflects the
difficulty of accurately modeling sand as a thermal medium: the effective thermal resistance
and capacitance of the sand depend on packing density, moisture content, and contact
quality between the assembly and the surrounding material—parameters that vary between

experimental setups and are not available from any datasheet. As a result, the analytical
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Fig. 2.18: PLECS RC thermal schematic for the sand-embedded power resistor load assem-
bly.

model captures the qualitative thermal behavior but cannot match the ground-truth values
without empirical calibration of the sand interface properties.

This exercise revealed a broader limitation. While the RC thermal circuit approach
provides fast turnaround—the MATLAB scripts run in seconds on standard hardware—
each new component or assembly requires its own custom circuit topology, geometry mea-
surements, and material characterization. The T-type module analysis in [37] succeeded
because the cold-plate boundary condition is well defined by the liquid flow rate and inlet
temperature.

For embedded geometries, the thermal interface between the component and the sur-

rounding medium introduces uncertainties that analytical models do not resolve without
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Fig. 2.19: Comparison of measured temperatures, ANSYS Icepak FEM predictions, and
lumped-parameter RC thermal circuit predictions for the power resistor proxy inverter
thermal load assembly within air: (a) Resistor 1, (b) Resistor 2, (c) Heat sink top, (d) Heat
sink side.

empirical calibration for each specific embedding scenario. Building an accurate lumped-
parameter model for even the relatively simple power resistor assembly required dozens of
geometric parameters, multiple thermal interface assumptions, and iterative tuning—effort
that approaches the FEM setup it was intended to replace. Extending this process to a com-
plete PCB with dozens of heterogeneous components would be impractical. This conclusion
directed the research toward full-PCB thermal measurement and data-driven prediction

methods explored in subsequent chapters.

2.3 FEM Thermal Modeling for Embedded Geometries
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Fig. 2.20: Comparison of measured temperatures, ANSYS Icepak FEM predictions, and
lumped-parameter RC thermal circuit predictions for the power resistor proxy inverter
thermal load assembly within sand: (a) Resistor 1, (b) Resistor 2, (c) Heat sink top, (d)
Heat sink side.

The gate driver failure described in the chapter introduction demonstrated that thermal
predictions from electrothermal analytical or simulation methods alone are insufficient for
embedded power electronics: the complex thermal interfaces between PCB components and
their embedding medium introduce uncertainties that lumped-parameter models do not
resolve. Prior work [13] addressed this gap by developing a finite element method (FEM)
thermal modeling framework using ANSYS Icepak, validated against hardware prototype
measurements in representative embedded environments.

The FEM approach models the complete thermal domain including component internal

structure, PCB substrate layers, solder interfaces, and the surrounding embedding material.
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Material thermal properties are assigned from manufacturer datasheets and literature val-
ues, and boundary conditions are configured for each test environment: natural convection
coefficients for air testing, and conductive interface models for sand or roadway-material
embedding.

This FEM framework was validated through a 25% scale prototype of the split LCCL-
tuned compensation capacitor bank for a 100 kW DWPT system, tested in both air and sand
environments [13]. Sand testing served as a practical surrogate for roadway embedding at a
fraction of the cost of full roadway prototyping, while still capturing the conductive thermal
boundary conditions that distinguish embedded operation from air-cooled operation. The
following subsections detail the ANSYS Icepak model development, the prototype fabrica-
tion and test setup, and the experimental validation results—all conducted as part of prior
research and summarized here to provide the reader with a self-contained understanding of

the FEM methodology and its demonstrated capabilities.

2.3.1 ANSYS Icepak Model Development

ANSYS Icepak FEM simulations model thermal behavior using component geometry,
material properties, and power dissipation derived from the analytical loss models in Sec-
tion 2.2. Compensation capacitors in the LCCL resonant network represent the second
major source of thermal loss in the DWPT system after inductor core losses. The following
design process is illustrated within the generalized thermal modeling and design flow shown
in Fig. 2.21. For polypropylene metallized film capacitors operating at 800 V RMS and
85 kHz in the split LCCL topology [44], power dissipation arises from dielectric losses in the
polypropylene film. The capacitor power loss for each unit within the bank is calculated
using

Peop = V2

rms

-C-2mfs - tand (2.15)

where Vi is the RMS voltage across the capacitor, C' is the capacitance, f; is the switch-
ing frequency, and tand is the dissipation factor provided by the manufacturer. For the

distributed low-power-density architecture employed in this work, individual capacitors are
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Fig. 2.21: Generalized thermal modeling and design flow for embedded DWPT systems.

derated to 80% of rated voltage and current to maximize longevity under continuous ther-
mal cycling [13]. This derating reduces per-component power dissipation and distributes
the total loss over a larger surface area, enabling passive cooling through conductive heat
transfer to the surrounding roadway material. The total compensation network loss is the
sum of individual capacitor losses across the bank, and this aggregate value serves as the
power dissipation input for the FEM thermal model.

The FEM model includes simplified representations of the capacitor internal structure
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(metalized film layers, end spray contacts, lead terminations), FR4 PCB substrate with cop-
per traces, solder interfaces, and the surrounding material domain. Material thermal prop-
erties are assigned from manufacturer datasheets: polypropylene film (k = 0.22 W/m-K),
FR4 substrate (kK = 0.3 W/m-K in-plane, £ = 0.06 W/m-K through-plane), copper traces
(k =385 W/m-K), and solder joints (k = 50 W/m-K).

Thermal boundary conditions are configured for each test environment. For air test-
ing, a natural convection coefficient (h = 5-10 W/m?K) is applied to all exposed sur-
faces with ambient temperature set to the room temperature (23°C), and radiation ex-
change is included for surfaces above 60°C where radiative losses become non-negligible.
For sand testing, a conductive interface between the capacitor bank and sand medium
(ksand =~ 0.3 W/m-K for dry sand) is modeled with a contact resistance parameter at the
component-sand interface, and the sand domain extends sufficiently to avoid boundary ef-
fects on the thermal solution. Sensitivity analysis is performed on parameters with the
highest uncertainty: the thermal interface resistance between capacitor packages and the
sand medium, and the effective thermal conductivity of the sand which varies with moisture

content and compaction.

2.3.2 Capacitor Bank Prototype Testing

A 25% scale prototype capacitor bank was fabricated and tested using a simpler test
circuit with equivalent 100 kW power dissipation (matching full LCCL power losses) in air
and sand environments. The prototype uses TDK polypropylene film capacitors selected
for the distributed low-power-density architecture. Thermocouples monitor temperatures
at key stress points identified through the FEM thermal model, and experimental results
are compared against FEM predictions for both environments.

The hardware test setup for air testing, shown in Fig. 2.22a, uses natural convection
in a controlled ambient environment (23°C). Sand testing, shown in Fig. 2.22b, embeds the

prototype in a sand bed to emulate roadway thermal boundary conditions.

2.3.3 Air and Sand Validation Results
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Fig. 2.22: Prototype capacitor bank test setup: (a) air test configuration with natural con-
vection in a controlled ambient environment (23°C), and (b) sand-embedded configuration
emulating roadway thermal boundary conditions.

Measured temperatures remained below the 125°C thermal limit in both air and sand
environments, demonstrating passive cooling feasibility for the distributed low-power-density
architecture. FEM predictions showed good agreement with experimental results in air,
confirming the natural convection modeling approach. Larger discrepancies in sand testing
are attributable to thermal interface uncertainties between the capacitor surfaces and the

granular sand medium, an expected challenge for embedded thermal modeling.
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Fig. 2.23: Prototype capacitor bank experimental validation: (a) air test results comparing
FEM predictions with experimental temperatures at 100 kW equivalent power, and (b) sand
test results comparing FEM predictions with experimental temperatures.

The comparison between FEM predictions and experimental measurements is shown
in Fig. 2.23. These results validate two conclusions: FEM thermal modeling accurately
predicts embedded thermal performance when boundary conditions are well characterized,
and distributed low-power-density architectures enable passive cooling where compact high-

power-density designs require active cooling incompatible with roadway embedding.
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The divergence between the FEM prediction and the experimental thermocouple record
in Fig. 2.23a reflects a difference in test conditions, not a model error. The ANSYS Icepak
simulation assumed continuous full-power operation for the entire recording window. The
power resistor and heatsink assembly was powered off at approximately the midpoint of the
experimental test; the resulting thermal cool-down is visible in the second half of the air test
results. The FEM and experimental temperatures agree during the powered phase; the post-
shutdown divergence is an expected consequence of the asymmetric test protocol. Calibrated
FEM models can then be adapted to target roadway material properties (concrete, asphalt,
or epoxy composites) for predicting deployment performance across different embedding

strategies.

2.3.4 FEM Summary and Limitations

The FEM framework represents the highest-fidelity thermal analysis method available
for embedded DWPT designs, and the experimental validation summarized above confirms
its accuracy when boundary conditions are well characterized. However, each new PCB
design requires constructing a new geometric model, generating and converging the mesh,
assigning material properties, and configuring boundary conditions—a process that typ-
ically requires days to weeks of engineering effort per design. In concurrent multi-PCB
development environments—where gate drivers, sensing interfaces, load shedding boards,
and compensation networks undergo simultaneous development and revision—repeating this
FEM process for each design iteration creates a bottleneck.

Modeling the compensation capacitor bank—a single component type with relatively
simple geometry—required detailed geometry construction, mesh convergence studies across
multiple mesh densities, and parameterized simulations to explore the thermal design space.
Even for this well-defined case, achieving consistent agreement between FEM predictions
and experimental measurements demanded careful calibration of thermal interface param-
eters.

For a complete PCB such as the CREE gate driver board—which contains dozens

of components spanning ICs, discrete passives, connectors, and chip-scale packages—the
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FEM challenge escalates substantially. The computational mesh required to resolve sub-
millimeter chip-scale thermal behavior alongside the full board geometry and surrounding
embedding medium becomes impractical at the resolution needed for failure prediction.
At coarser mesh resolutions, the thermal behavior of the smallest components is lost—yet
these were precisely the components that experienced the original thermal failure. This
limitation does not diminish the value of FEM for targeted component-level analysis, but it
constrains its applicability as a practical screening tool for full PCB designs. This per-design
engineering overhead motivates the search for methods that retain FEM-level accuracy
while reducing the setup effort for new designs. The experimental validation framework in

Chapter 3 and the machine-learning approach in Chapter 4 address this gap.

2.4 Comparison of Methods and Path Forward

The progression through the methods explored in this chapter—from system-level sim-
ulation through component-level analytical modeling to FEM—reveals a recurring trade-off
between speed and accuracy for embedded thermal prediction. Each method was pursued
as a potential solution to the designer’s core challenge: predicting component temperatures
in embedded power electronics rapidly enough to inform design decisions during concurrent
PCB development.

The PLECS simulation (Section 2.1) addressed the first question in this progression:
quantifying actual component-level losses under pulsed DWPT operation. By modeling
variable coupling, multi-speed vehicle passes, and transient system behavior, the simulation
captured utilization-dependent loss magnitudes that steady-state assumptions miss. These
results established that pulsed operation produces loss profiles different from continuous full-
load assumptions—a finding that directly affects all downstream thermal analysis. Despite
having the capability of producing electrical losses and providing some options to trans-
late those losses into thermal predictions, PLECS requires a separate model to accurately
capture the electrothermal dynamics of the devices within larger board- and enclosure-level
thermal networks.

The analytical methods (Section 2.2) attempted to provide that thermal translation
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through scripted calculations. Inductor core loss estimation through the IGSE pipeline
produced validated loss inputs within minutes. Lumped-parameter RC thermal circuits
projected losses from previously approximated thermal losses within the inverter PCB us-
ing material properties and manufacturer geometry data, following a methodology similar to
the analysis of liquid-cooled T-type modules in [37]. For the air-cooled power resistor assem-
bly, this approach captured the general thermal trajectory. However, the sand-embedded
case (Section 2.2.2) demonstrated a fundamental limitation: when the embedding medium
replaces air as the thermal boundary, uncertain and variable thermal interface properties
introduce errors that analytical models do not resolve without empirical calibration. More-
over, each new component or assembly requires its own custom circuit topology and dozens
of geometric parameters, making the approach impractical for full PCBs with heterogeneous
components.

FEM thermal analysis (Section 2.3) overcame this limitation by directly solving heat
conduction equations with realistic material properties and boundary conditions. The 25%
scale prototype testing confirmed that FEM predictions agree with measured temperatures
in both air and sand environments when boundary conditions are well characterized. How-
ever, the per-design engineering overhead detailed in Section 2.3.4 creates a bottleneck
incompatible with concurrent multi-PCB development cycles.

The original gate driver failure brings the PCB-level challenge into focus. The thermal
runaway occurred on a multi-component PCB where the failure originated in the smallest,
most thermally sensitive components—chip-scale gate driver ICs and small ceramic capac-
itors. These components operate at the tightest thermal margins and are the hardest to
model in FEM due to their sub-millimeter feature sizes. The failure was not in a large,
well-characterized component like a compensation capacitor or power inductor; it was in
the components that are easiest to overlook and hardest to simulate at adequate resolution.
The component density and geometric complexity of full PCBs push FEM beyond practical
limits for per-revision screening, while analytical models lack the spatial resolution needed

for multi-component boards where thermal coupling between adjacent components through
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shared copper planes governs the thermal response.

PCBs occupy a unique position in this design space. They are straightforward to
prototype—fabrication services offer turnaround times of days to weeks at costs ranging
from tens to hundreds of dollars per board—making physical testing feasible. However, they
are exceptionally difficult to simulate at the component level due to the number and diver-
sity of components, the multi-layer substrate structure, and the complex inter-component
thermal coupling. In an iterative research program with evolving design requirements, where
several PCB designs undergo concurrent revision, the designer needs a method that is rapid
enough for design iteration, accurate enough for thermal screening at the component level,
and applicable across different PCB designs without requiring per-design FEM setup.

The absence of a method satisfying all three requirements defines the gap addressed
by the remaining chapters. Chapter 3 develops an automated measurement framework
that provides the ground-truth thermal data needed to bridge this gap—establishing the
“measure rapidly” side of the solution. Chapter 4 develops a machine-learning model trained
on that measured data to provide rapid cross-design thermal prediction—addressing the
“predict rapidly” side by aiming to combine the speed of analytical methods with accuracy

approaching that of calibrated FEM.



CHAPTER 3
VALIDATION FRAMEWORK FOR EMBEDDED PCBs

Chapter 2 traced a progression from system-level simulation through analytical mod-
eling to FEM, concluding that existing methods do not provide adequate accuracy and
speed for thermal prediction of embedded PCBs within the prototyping and iterative de-
sign process. Bridging this gap requires empirical thermal data collected under representa-
tive boundary conditions. This chapter develops the experimental framework that provides
that data: an automated region-of-interest (ROI) generation pipeline from PCB design files
for FLIR thermal imaging, and a systematic dual-environment (air and sand) measure-
ment methodology using thermocouple and FLIR instrumentation. Sand testing serves as
a practical surrogate for full roadway embedding, capturing conductive thermal boundary
conditions at reduced prototyping effort [13]. The framework is designed for reproducibility
across multiple PCB designs and generates the training datasets used by the machine-
learning model in Chapter 4. DUT-Test serves two evaluation roles: it is held comple tely
out of training for unseen-board cross-design generalization testing, and it is separately
included in the training set to confirm that the model performs well when all three boards
contribute data.

Three PCB DUTs are used throughout this chapter and the subsequent ML develop-

ment:

e DUT-1: H-Bridge Sensing and Gate Driver Interface (227.381 mm x 164.937 mm)—

the primary training board, yielding 211 top-layer ROlIs.

e DUT-2: Load Shedding AC Switch (167.0 mm x 78.4 mm)—a second training board

with 60 top-layer ROIs.

e DUT-Test: Thermal Gate Driver (145 mm x 76 mm)—a held-out board used to

evaluate whether the trained model generalizes to PCBs not seen during training.
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DUT-1 and DUT-2 provide training and validation data, while DUT-Test assesses cross-

design generalization.

3.1 SROI File Generation Method

This work contributes an automated pipeline for generating FLIR Selective Region of
Interest (SROI) files directly from Altium PCB design data. The SROI file maps each
component location from the PCB layout to pixel coordinates in the FLIR thermal image,
enabling automated extraction of component-level temperature data from thermal image
sequences. Without this pipeline, ROIs must be placed manually within ResearchIR soft-
ware for each component on each board—a tedious, error-prone process that does not scale
to boards with hundreds of components. The automated pipeline eliminates this bottleneck
and enables reproducible multi-board testing. The pipeline consists of three stages: PCB
data processing, coordinate transformation with board-specific calibration, and binary file
generation with ROI pixel map export for the ML pipeline. These stages correspond to
Sections 3.1.1, 3.1.2, and 3.1.3, respectively. The overall pipeline architecture is shown in

Fig. 3.1.

3.1.1 Altium PCB Data Processing

The pipeline begins with Altium Pick&Place CSV export files containing component
designators, X/Y coordinates in millimeters, layer assignment, and footprint information.
These files are generated through Altium’s standard fabrication output and contain the
physical placement coordinates for every component on the board. The enhanced parser
processes these files with automatic TopLayer filtering to remove bottom-side components
not visible to the overhead FLIR camera. The parser identifies the data header row by
searching for fields including Designator, Layer, and Center-X, then extracts component
coordinates and layer assignments using standard CSV parsing. TopLayer filtering removes
solder-side passives and ICs that cannot be thermally imaged from above; the fraction of

bottom-layer components varies by board design.
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Fig. 3.1: Binary SROI mask generation by including the fabrication output Pick&Place CSV
file from Altium PCBs as input, and producing a binary SROI file for FLIR ResearchIR 4.0
as well as other relevant outputs for the MLL model training pipeline.

For PCB designs with significant power dissipation on bottom-layer components, re-
stricting FLIR imaging to the top surface is a limitation of the current framework. Practical
mitigation strategies include: two-pass imaging with the board physically flipped between
tests to capture both surfaces separately, supplemental thermocouple instrumentation on
high-power bottom-layer components with those measurements added to the thermal state
vector, or encoding known bottom-layer loss estimates as additional model inputs. For the
three DUTs evaluated in this work—DUT-1, DUT-2, and DUT-Test—power dissipation
is dominated by top-layer components, so top-surface-only imaging captures the dominant

thermal behavior; the extent of this assumption should be verified for any new board design
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before applying the pipeline.

Components are classified by designator prefix into initial ROI type categories. Small
passive components (C*, R*) are assigned single-pixel ROISs, test points (TP*) also receive
single-pixel ROIs, and larger components (U*, J* VR* DL* PS* CR*, L* F* H* SW*)
receive 3x3 pixel area ROIs. During SROI generation in the second pipeline stage, these
assignments are re-evaluated: the converter examines each component’s designator prefix
and assigned dimensions to determine the final ROI type—either a 1x1 single-pixel point
measurement or a 3x3 pixel area—ensuring consistent sizing regardless of the initial clas-
sification. The system maintains a centralized PCB configuration database supporting the
three DUTs defined in the chapter introduction: DUT-1, DUT-2, and DUT-Test. Each
configuration entry contains board-specific parameters: physical dimensions in millimeters,
default corner pixel coordinates for the FLIR field of view, and filename patterns for au-
tomatic PCB identification. This multi-PCB support enables seamless switching between
DUTs—the pipeline auto-detects the target board from the input filename and loads the
appropriate configuration without manual intervention. Additionally, the pipeline loads
board-specific transformation parameters from a centralized JSON configuration file shared
with the thermal post-processing system. This configuration includes optional axis mirror-
ing flags that account for physical board mounting orientation during thermal imaging—for
example, when a PCB is mounted upside-down or mirrored relative to the Altium coordinate
system. These transformations are applied to the PCB coordinates before the pixel-space

conversion described in Section 3.1.2.

3.1.2 Coordinate Transformation and Corner Calibration

Transforming PCB coordinates (mm) to thermal camera pixel coordinates requires cal-
ibration against the physical board position in the FLIR field of view. The coordinate trans-
formation proceeds through four steps: board-specific mirroring, scaling from millimeters
to pixels, Y-axis inversion for image coordinate conversion, and translation to the board’s
position in the image. The corner-based calibration system uses two reference points—the

bottom-left and top-right corners of the PCB visible in the thermal image—to establish the
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transformation between physical and pixel coordinate spaces. From these reference points,
the pixel-space dimensions are computed as Az, = v7r — xpr, and Ay, = YBL — YTR,
noting the inverted Y-axis in image coordinates. Independent scaling factors are then calcu-
lated as s, = Axpy/Winm and sy = Aype/Hym, where Wy, and Hp,yy, are the board width
and height from the configuration database. Because the FLIR camera may not image the
board at its native aspect ratio, different X and Y scaling factors can arise. To maintain
geometric fidelity, the pipeline uses uniform scaling: s = min(s,, s,), applying the same
scale factor in both axes to preserve the PCB aspect ratio and prevent spatial distortion of
ROI positions.

Before scaling, board-specific mirroring is applied when the physical mounting orien-
tation differs from the Altium coordinate system. If the configuration specifies horizontal
mirroring, the X coordinate is reflected as z,,,, = Wium — Tim; similarly, vertical mirroring
reflects the Y coordinate as y/,,. = Hpum — Ymm. These transformations ensure correct
ROI placement regardless of how the board was oriented during thermal imaging. With
mirroring and scaling defined, the complete transformation maps each Altium component

coordinate (Zym, Ymm) to a FLIR pixel location through four sequential steps:
1. Apply board-specific mirroring (if configured)

2. Scale to pixels: Zge = ), " S, Ysc = Y * S

3. Invert Y-axis: ¥iny = Alpz — Ysc
4. Translate to board position: x,, = TR, + Tse, Ype = YTR + Yinv

where (zpr,ypr) and (xrRr, yrr) are the bottom-left and top-right corner pixel coordinates
respectively.

Table 3.1 summarizes the per-board coordinate transform results, including scaling fac-
tors, ROI counts, and SROI binary file sizes. DUT-Test uses axis mirroring to compensate
for its physical mounting orientation during imaging. Corner recalibration is performed
whenever the camera or board position changes, ensuring sub-pixel accuracy for component

temperature extraction. An interactive mode guides the user through corner selection with
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visual feedback and calibration guidance, while an automated mode uses pre-configured cor-
ner coordinates from the JSON configuration for batch processing of multiple test sessions.
The interactive mode is recommended for initial calibration of new board configurations,

while the automated mode enables repeated measurements without user interaction.

3.1.3 SROI and ROI Map Generation

The final stage generates two outputs: a binary SROI file for FLIR ResearchIR and
an ROI pixel map CSV for the ML training pipeline. The binary SROI format encodes
a file header containing metadata (version, ROI count, image dimensions), followed by
individual ROI entries. Each ROI entry contains the region’s pixel coordinates (top-left
corner), dimensions (width and height in pixels), a label string (the component designa-
tor from the Pick&Place file), and display attributes (color, line width) for visualization
within ResearchIR. All ROIs in the final SROI file use cursor-type definitions: 1x1 single-
pixel point measurements for small passives and 3x3 pixel area measurements for all other
components including semiconductors, inductors, and connectors. The Cursor ROI type
is required by the ResearchIR binary format for component-level point and area measure-
ments that extract per-frame temperature statistics. When the SROI file is loaded into
ResearchIR alongside a thermal recording, each ROI automatically extracts per-component
temperature statistics (minimum, maximum, mean, standard deviation) from every frame
in the thermal sequence. This eliminates manual data extraction and ensures consistent
measurement regions across multi-hour test sessions.

In addition to the SROI binary, the pipeline exports an ROI pixel map CSV that lists
every pixel coordinate belonging to each ROI. Each row in the pixel map contains the com-
ponent designator, the pixel X and Y coordinates, and the ROI type. This file provides the
spatial mapping between component names and their pixel locations in the 640x480 ther-
mal frame, serving as the spatial index for the ML training pipeline described in Chapter 4.
The pixel map enables the FiLM-conditioned U-Net to extract per-component temperature
values directly from raw thermal image arrays without requiring the ResearchIR software

interface, decoupling the ML data pipeline from proprietary FLIR tools.
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The pipeline includes automated validation at multiple stages. Coordinate validation
rejects ROIs whose transformed pixel coordinates fall outside the 640x480 thermal image
frame, and component count verification confirms alignment with the filtered Pick&Place
data. Binary file integrity is validated through hexadecimal analysis to confirm correct en-
coding of all ROI entries. An optional visual overlay can be generated for human verification
of ROI placement against a reference thermal image, superimposing the ROI positions on
a captured FLIR frame to confirm spatial accuracy before committing to a full test session.
However, this step can also be performed within ResearchIR after loading the SROI file
and thermal recording. Fig. 3.2 presents the DUT-2 layout, 3D rendering, and FLIR ROI
overlay as a representative example, verifying that pipeline-generated SROI positions align
with actual component locations in the thermal image. Output SROI files are auto-named
based on PCB type and configuration parameters for reproducible multi-session testing.
The corresponding ROI pixel maps contain the expanded per-pixel coordinate data for each
ROI, enabling direct array indexing into thermal image frames. In Table 3.1, the SROI size
in bytes reflects the total file size of the generated binary SROI file, which scales with the

number of ROIs and their dimensions.

Table 3.1: SROI generation summary for each DUT.

DUT-1 DUT-2 DUT-Test
PCB Size (mm) 227 x 165 167 x 78 145 x 76

Scale (px/mm) 1.52 2.38 4.07
Valid ROIs 211 60 208
SROI Size (B) 75 842 21086 73034

3.2 Thermal Testing Methodology

Reliable training data requires consistent instrument configuration, calibration-artifact
removal, and a standardized packaging format across all test sessions. Section 3.2.1 de-
scribes the FLIR camera configuration and 15-second recording protocol used across all

DUTs. Section 3.2.2 covers thermocouple placement and synchronization with the FLIR
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Fig. 3.2: DUT-2 (LoadShedding AC switch): (a) 2D PCB layout showing component place-
ment and designators. (b) 3D rendering illustrating the physical arrangement of com-
ponents. (c¢) FLIR thermal image with all 60 ROI positions overlaid, confirming spatial
registration between Altium coordinates and FLIR pixel space.

acquisition. Section 3.2.3 addresses non-uniformity correction artifact removal and median
filtering applied before dataset assembly. Section 3.2.4 describes how filtered frames, ther-
mocouple logs, and ROI masks are packaged into the HDF5 format consumed by the ML

training pipeline.

3.2.1 FLIR Camera Configuration and Measurement Protocol
Thermal measurements are captured using a FLIR T5590 thermal camera (640x480
resolution) controlled through ResearchIR software. The camera is positioned directly above

the device under test (DUT) with image orientation configured to match the PCB coordi-
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nate system through horizontal and/or vertical flipping as required by the board orientation.
Required camera configuration includes object parameters—distance to object, ambient hu-
midity, and atmospheric temperature—for accurate radiometric compensation. The color
palette is configured consistently across test sessions for repeatable thermal visualization.
The measurement protocol uses 15-second sampling intervals for thermal transient charac-
terization, capturing both rapid warm-up dynamics and gradual approach to steady state.
Steady-state criterion is defined as component temperature variation less than 0.5°C over
a l-minute interval. Test durations typically span 60-90 minutes for complete thermal
transient characterization, depending on the thermal time constants of the DUT and en-
vironment. The SROI file generated in Section 3.1 is loaded into ResearchIR prior to
recording, enabling automatic per-component temperature extraction throughout the test.

Fig. 3.3a shows the annotated FLIR test setup with the camera positioned overhead.

Live Circuit
Testing in
Progress!

Do Not Touch!!

Fig. 3.3: Thermal testing setup for DUT-2 (Load Shedding board): (a) air cooling environ-
ment with FLIR imaging, (b) sand cooling environment with thermocouple instrumentation,
and (c) close-up of thermocouple wiring and data acquisition module.

3.2.2 Thermocouple Instrumentation
Thermocouples attached to critical components provide ground-truth temperature mea-

surements that complement the FLIR surface imaging. Unlike FLIR measurements that
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capture surface radiation subject to emissivity variation across different component materi-
als and surface finishes, thermocouples provide direct contact temperature measurement at
the component-board interface. This dual-measurement approach enables cross-validation
between imaging and contact sensing, and provides the calibration data necessary for the
ML model training described in Chapter 4.

The placement strategy prioritizes components with the highest thermal risk and largest
expected temperature differential from ambient, as well as baseline low power components
to ensure the ML model dataset is varied and representative. Each thermocouple is attached
to the component surface with thermal paste for good thermal contact and secured in place
with GC Electronics Hi-Volt Silicone Rubber Putty (P/N 10-8880), which provides mechani-
cal stability throughout multi-hour test sessions without affecting the thermal measurement.
Data acquisition is performed using a Measurement Computing USB-TEMP module, and
the thermocouple data is later synchronized with the FLIR thermal video using timestamp
alignment to ensure accurate pairing of temperature readings between air and embedded
test conditions.

This synchronization is critical for generating the paired training data (FLIR image <
thermocouple ground truth) used by the FiLM-conditioned U-Net. Figs. 3.3b and 3.3¢ show
the sand embedding setup and data acquisition hardware. Fig. 3.4 compares the steady-
state temperatures of all monitored components under air, sand, and potted boundary
conditions for DUT-2, illustrating the thermal impact of different cooling environments on
component temperatures, as well as the relative temperatures of each component under

each condition.

3.2.3 NUC Artifact Correction and Median Filtering

During extended recordings, the FLIR T5590 periodically performs a Non-Uniformity
Correction (NUC) event that temporarily interrupts the sensor readout. These NUC events
introduce brief temperature artifacts—typically manifesting as isolated spikes or jagged
discontinuities in the per-component time series—that do not reflect actual component

temperature changes. While the magnitude of these artifacts is generally small relative to
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Fig. 3.4: Three-condition thermal comparison for all monitored components on DUT-2.
Each subplot compares steady-state temperatures under air, sand, and potted boundary
conditions.

the overall thermal transient, leaving them uncorrected can degrade ML model training by
introducing non-physical discontinuities that the network may attempt to learn as legitimate

thermal behavior. The filtering stage therefore serves as a preprocessing step to ensure
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smooth, physically consistent thermal trajectories prior to dataset generation.

Five filtering algorithms were evaluated to address NUC artifacts and general mea-
surement noise. Savitzky-Golay polynomial smoothing [45] (window length 11, third-order
polynomial) preserves peak amplitudes while removing high-frequency noise. A hybrid
method combines median absolute deviation (MAD) outlier detection with Savitzky-Golay
smoothing, achieving the highest overall artifact removal at the cost of minor peak attenu-
ation. A fourth-order Butterworth low-pass filter [46] extracts smooth thermal trends but
attenuates transient features. Statistical outlier removal using Z-score thresholding (default
threshold 3.0) replaces individual data points exceeding three standard deviations from the
local mean. Median filtering (kernel size 5) targets isolated refocus spikes without affecting
the underlying thermal trend and is used as the primary correction method for all datasets
in this work. The temporal median filter operates per-pixel across the time dimension: for
each pixel in the 480x640 frame, a sliding window of 5 consecutive frames replaces the
center value with the local median. This suppresses single-frame outliers while preserving
the true thermal trajectory.

Table 3.2 summarizes the per-board NUC correction magnitude measured across all
monitored components. The correction magnitudes vary across boards due to differences
in thermal operating range and component density. DUT-1 shows the smallest corrections
(max 0.30°C, median 0.17°C across 22 components), indicating that NUC artifacts on
this board are minor perturbations relative to its 22-61°C operating range. DUT-2 shows
moderate corrections (max 1.63°C for connector J1, median 0.22°C across 19 components),
with connector and IC components exhibiting larger artifacts than passive devices due to
their greater thermal mass and surface area within the ROI. DUT-Test shows the largest
corrections (max 4.44°C for U5B, median 1.32°C across 8 components), reflecting the higher
power dissipation and steeper thermal gradients on this board that amplify the NUC-
induced measurement perturbation. Despite these variations, the median correction remains
below 1.5°C for all boards, confirming that the filtering stage is a refinement step rather

than a correction for large-scale measurement errors. The filtered data are used for all
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subsequent ML training to ensure that the FiLM-conditioned U-Net learns from smooth,

physically representative thermal trajectories.

Table 3.2: Per-board NUC correction magnitude across all monitored components. Max
correction is the largest single-frame ROI-mean temperature difference between raw and
median-filtered data for any component on the board.

DUT-1 DUT-2 DUT-Test

Monitored components 22 19 8
Max correction (°C) 0.30 1.63 4.44
Mean max correction (°C) 0.18 0.38 1.60
Median max correction (°C) 0.17 0.22 1.32
Correction range (°C) 0.10-0.30 0.13-1.63  0.62-4.44

Fig. 3.5 shows the NUC correction process for DUT-2. The raw FLIR frame containing
the NUC artifact is shown alongside the computed correction map and the filtered result.
The correction map reveals that the NUC artifacting requires an temporal based created
offset per pixel within the frame; the median filter removes this offset while preserving the

spatial temperature distribution and inter-component thermal gradients across the PCB.

3.2.4 HDF5 Training Dataset Generation

The final stage of the post-processing pipeline bridges the thermal measurement in-
frastructure to the machine learning model presented in Chapter 4. The filtered FLIR
thermal image sequences, thermocouple ground-truth temperatures, and ROI pixel maps
from the preceding sections are packaged into HDF5 training datasets. Each HDFS5 file
contains the complete temporal record for one board and one test condition: the raw
FLIR frames (480x 640, float32), aligned thermocouple temperatures for all monitored com-
ponents, timestamps, frame-to-timestamp index mapping, ROI binary masks, and board
metadata (PCB corners, component names, board identifier).

This self-contained format allows the CNN training pipeline to reconstruct all derived
input channels—spatial features, temporal derivatives, and FiLM conditioning scalars—

directly from the archived data, as described in Chapter 4. Separate HDF5 files are gener-
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Fig. 3.5: DUT-2 (LoadShedding AC switch) NUC correction: (a) raw FLIR thermal image

showing NUC refocusing artifact, (b) computed correction map, and (c) filtered result after
median correction.

ated for each board and boundary condition (air, sand), enabling flexible dataset compo-
sition during model training. A table showing the summary of the captured data for each

board and test condition is shown in Table 3.2.4.
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headerbg DUT-1 DUT-2 DUT-Test Total

PCB size (mm) 227 x 165 167 x 78  145x 76  —

FLIR ROIs 211 60 208 479
TC components 22 19 8 49
Frames / session 300 120 300 720

3.3 Scope of the Thermal Verification Framework

The framework presented in this chapter converts raw PCB design files and thermal
recordings into structured, ML-ready datasets. The SROI pipeline automates ROI gener-
ation from Altium exports, the FLIR and thermocouple measurement protocol captures
transient thermal behavior in both air and sand environments, and the post-processing
stages produce filtered, time-aligned HDF5 files for each board and test condition. To-
gether, these stages provide the paired ground-truth data—FLIR thermal images with per-
component thermocouple temperatures—that the FiLM-conditioned U-Net in Chapter 4

requires for training and evaluation.



CHAPTER 4
FILM-CONDITIONED U-NET FOR COMPONENT-LEVEL THERMAL PREDICTION

This chapter presents a machine learning approach to component-level thermal predic-
tion for power electronics PCBs, building on the experimental instrumentation and data
pipeline described in Chapter 3. The ML architectures and conditioning techniques re-
viewed in Section 1.2.7 provide the background for the model design presented here. The
thermal measurement framework from Chapter 3 produces FLIR thermal images paired
with thermocouple ground-truth temperatures across multiple PCB designs and operat-
ing conditions. This dataset enables a data-driven approach. Rather than constructing
a per-design FEM model or relying on analytical estimates with uncertain boundary con-
ditions, the model learns the mapping between thermal image features and component-
level temperatures directly from measured data. The model is a FiLM-conditioned U-Net
that predicts component temperatures from FLIR thermal images, combining a pixel-level
encoder-decoder architecture with Feature-wise Linear Modulation (FiLM) conditioning to
adapt to different boards and temporal phases without design-specific retraining. This ap-
proach provides fast thermal assessment without the computational cost of FEM simulation
or the hardware cost of dense thermocouple instrumentation.

Rather than predicting absolute temperatures, the model learns FLIR-to-thermocouple
residuals—the offset between surface-measured FLIR values and contact-measured thermo-
couple readings—which decouples the prediction task from the absolute temperature scale
and improves generalization across boards with different thermal operating points. Cross-
design validation on two distinct PCB topologies evaluates whether the model learns trans-
ferable thermal coupling patterns, a requirement for practical deployment where new board
designs must be assessed without design-specific retraining. The data pipeline and model
architecture are designed so that adding new DUTs to the training set requires only the

FLIR thermal imaging and thermocouple instrumentation described in Chapter 3; no ar-
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chitectural changes or retraining from scratch are needed, making the framework extensible
as additional PCB designs become available.

Existing ML-based thermal prediction methods for electronics fall into several cate-
gories, but none directly address the specific challenge targeted here. Physics-informed
neural networks (PINNs) and neural-operator methods [26,27] learn solutions to parametric
PDEs and can generalize across geometries, but require access to the governing equations
and mesh representations that are unavailable for arbitrary PCB designs encountered in
rapid prototyping. Data-driven surrogate models have been applied to data-center thermal
management [47] and benchmarked for multiscale IC thermal simulation [31], but these ap-
proaches assume fixed facility layouts or chip floorplans and do not transfer to the irregular
component placements and variable board sizes.

The approach presented in this chapter differs in three respects. First, the FiLM
conditioning mechanism [30] decouples the spatial encoder from the domain identity, allow-
ing a single model to process multiple PCB designs by modulating decoder features based
on board-level thermal statistics rather than learning separate spatial representations per
board. Second, the residual learning formulation (predicting the FLIR-to-thermocouple
offset rather than absolute temperature) enables training across boards with different ab-
solute temperature scales without normalization artifacts. Third, the automated SROI
pipeline from Chapter 3 provides a standardized input format—10-channel image tensors
and 6-element thermal state vectors—that is constructed identically for any PCB, making
the model input-agnostic to board geometry and component count. Together, these de-
sign choices enable the cross-design and unseen-board generalization results presented in

Section 4.5.

4.1 Model Architecture

The model is a U-Net [25] with four encoder blocks, a bottleneck, and four FiLM-
conditioned decoder blocks totaling 7,826,849 trainable parameters. Fig. 4.1 shows the over-
[R480x640x 10

all architecture. The model accepts two inputs: a 10-channel image tensor x €

and a thermal state vector s € R, A more detailed view of the encoder-decoder structure
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Fig. 4.1: FiLM-conditioned U-Net architecture for thermal prediction. The encoder extracts
multi-scale spatial features from the 10-channel input. A shared FiLM embedding maps the
6-element thermal state vector to affine parameters applied at each of the four decoder levels,
enabling temporal and domain-aware modulation throughout the reconstruction path.

with FiLM conditioning connections is shown in Fig. 4.2, illustrating the channel dimensions
at each encoder and decoder stage, the skip connections that preserve spatial detail, and
the FiLM embedding pathway that generates per-level affine parameters from the thermal

state vector.
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Fig. 4.2: Detailed architecture of the U-Net with FiLM conditioning, showing the flow of
data through the encoder, bottleneck, and decoder stages.

4.1.1 Input Construction

Fach training sample produces the image tensor x and thermal state vector s from
a raw FLIR frame F € R180%640 (degrees Celsius) and its associated timestamp 7. The
10 channels encode complementary spatial, temporal, and domain information organized
into three functional groups. Spatial features (Channels 0-4) characterize the thermal
field structure within a single frame, temporal features (Channels 5-7) encode transient
dynamics across consecutive frames, and domain descriptors (Channels 8-9) identify the
board’s thermal operating range. Table 4.1 provides a summary of all channels, their
formulations, and their role in cross-board generalization.

The feature design involves two distinct aspects. The 10-channel input representation
was specified by the researcher based on domain knowledge: spatial channels encode thermal
field structure within a single frame, temporal channels encode transient dynamics, and
domain descriptor channels identify the board’s operating range. This choice of what to
measure is a design decision informed by the physics of the problem. The relative importance
of these channels—which ones the model actually learns to rely on—is not prescribed; it is
determined entirely by the training process. The permutation feature importance analysis in
Section 4.6 quantifies this learned reliance. The temporal conditioning pathway (Channel 7
and the FiLM conditioning network) dominates in the current training configuration; spatial

feature channels contribute marginally with the present two-board dataset.
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Table 4.1: Summary of the 10-Channel Input Tensor and 6-Element Thermal State Vector.

Ch. Name Formulation Cross-Board Role

Spatial Features (per-pizel, computed from single frame F)

0  Z-score temperature  (F, — pup)/(6or)+ 0.5 Board-invariant: removes absolute offset

1 Gradient magnitude ||V F|| via Sobel, normalized Board-invariant: edge structure only

2 Local std. dev. 05x5(F)p), normalized Board-invariant: local heterogeneity

3 Laplacian V2F,, normalized to [0, 1] Board-invariant: heat source/sink map

4 PCB binary mask {0,1} from SROI corners Board-specific: defines board region
Temporal Features (per-pizel or broadcast, require >3 consecutive frames)

5 T (Ist derivative) (F,St) - F,Stil))/AT Board-agnostic: rate of change

6 7 (2nd derivative) (Fzgt) - 2F1§t_1) + Fé“”) /A7?  Board-agnostic: transient acceleration

7 Log-normalized time log;o(7+1)/1og;o(Tmax+1) Board-agnostic: temporal position

Domain Descriptors (spatially broadcast scalars, per-frame statistics)
8 Thermal amplitude o(z-score of o) Board-specific: thermal spread identity
9  Thermal level o(z-score of pp) Board-specific: thermal baseline identity

Thermal State Vector s € R® (FiLM conditioning input)

s1  Log-normalized time Same as Ch. 7 Temporal context for FiLM

So Thermal level Same as Ch. 9 Domain context for FiLM

s3  Thermal amplitude Same as Ch. 8 Domain context for FiLM

s4  FLIR range o(z-score of (Finax — Fiin)pce) Thermal spread within board mask
S5 Mean T o (z-score of mean TPCB) Global heating rate summary

s¢  Gradient energy o(z-score of ||VF|%pcp) Spatial complexity of thermal field

The cross-board column in Table 4.1 reflects a deliberate design choice that enables the
model to generalize across PCB designs without retraining. Channels 0-3 are normalized
relative to each frame’s own statistics (up, o) or use derivative operators that respond
to spatial structure rather than absolute temperature, making these features inherently
board-invariant: a 10°C hot spot on DUT-1 produces the same z-score pattern as a 10°C
hot spot on DUT-2. Channel 4 (the PCB mask) is board-specific by necessity—each board
occupies a different region of the FLIR frame—but serves only to mask the background, not
to encode board identity. Channels 5—6 capture temporal dynamics that are board-agnostic:
the rate at which a component heats depends on its thermal time constant, not on which
board it belongs to. Channels 7-9 and the thermal state vector s € R® are the primary
pathways through which board-specific context enters the model, and these are processed
exclusively by the FiLM conditioning network rather than the convolutional encoder. This

separation ensures that when additional boards are added to the training set, the spatial
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encoder requires no modification—only the FiLM pathway sees new domain points, and
domain augmentation (Section 4.3.5) pre-conditions it to handle a continuous range of
board operating conditions. The channel construction is therefore not limited to the two
boards used in this work; any PCB tested with the SROI pipeline from Chapter 3 produces
the same 10-channel representation, making the input format inherently extensible. The
remainder of this section details the formulation, normalization, and physical interpretation

of each channel.

Channel 0: Z-Score Normalized Temperature

Per-frame statistics up and op are computed from all pixels. The z-score normaliza-
tion [48] maps approximately 99.7% of pixel values into [0, 1]—a direct consequence of the
60 divisor, which spans 43 standard deviations of the Gaussian distribution:

F —
O =2 FF g5 4.1
p 6or +0 (41)

(0)

Here x)’ is the normalized Channel 0 value at pixel p, F}, is the raw FLIR temperature
at that pixel in degrees Celsius, pp is the mean temperature across all pixels in the frame,
and o is the corresponding standard deviation. This removes the board-level absolute
temperature offset so the encoder processes only the spatial pattern of heating, not which
board produced the frame. Board identity is restored through Channels 8-9 and the FiLM

conditioning vector.

Channel 1: Gradient Magnitude (Sobel)
Spatial gradients via Sobel operators [49] highlight thermal boundaries between com-

ponents and the background:

JE = S22+ (FxS,)2

L
maxg \/(F *Sp)a + (F'*Sy)2

p

(4.2)

Here x;(,l) is the normalized gradient magnitude at pixel p, F' is the full-frame FLIR thermal
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image, and S;, S, are the standard 3 x 3 Sobel kernels that approximate horizontal and
vertical partial derivatives, with % denoting 2D convolution. The denominator normalizes
by the maximum gradient magnitude across all pixels ¢ in the frame, mapping the channel
to [0,1]. The gradient magnitude provides a domain-invariant structural signal that marks

component edges regardless of absolute temperature.

Channel 2: Local Standard Deviation

A 5 x5 sliding window computes the local temperature standard deviation at each pixel,
normalized to unit range. High local standard deviation indicates thermal heterogeneity
near component boundaries; low values indicate thermally uniform regions [49]. This chan-
nel enables the encoder to distinguish component hot spots from uniform background areas

without relying on absolute temperature thresholds.

Channel 3: Laplacian (2nd Spatial Derivative)
The discrete Laplacian [49] identifies heat sources and sinks by comparing each pixel’s

temperature to its four immediate neighbors:

V2E, = Fiorj+ Fipaj + Fijo1 + Fijn — 4 F (4.3)

Here VQFp is the discrete Laplacian at pixel p, F;; is the FLIR temperature at row ¢
and column j, and the four surrounding terms (Fi+1,5, Fj j+1) are the temperatures of the
immediate north, south, east, and west neighbors. Normalized and centered at 0.5, pixels
with V2F, < 0 (value < 0.5) are warmer than their neighbors and indicate active heat
sources, while V2F, > 0 (value > 0.5) indicates local heat sinks. When V2F, = 0, the
steady-state heat equation is satisfied. This channel provides the encoder with a physics-

based feature that directly encodes the spatial structure of the thermal field.

Channel 4: PCB Binary Mask

A binary mask derived from known PCB corner coordinates marks the board region
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xp = 1) versus background (:n,(,“) = 0). This channel restricts the model’s attention to the
relevant board area and prevents background thermal artifacts from influencing component

predictions.

Channels 5—6: Temporal Derivatives
Given three consecutive frames F®), F(—1 F(t=2) at times 74, 74_1, 742, standard for-

ward finite-difference approximations [48] capture the rate and acceleration of temperature

change:
(t) (t=1)
. Fy7 — F,
T,=-"+t—*" 4.4
b Tt — Tt—1 ( )
t t—1 t—2
T:F,S)—QF,E N (45)
b (Tt - Tt71)2 '

Here T}, is the first temporal derivative (heating rate in °C/s) at pixel p, T}, is the second
temporal derivative (heating acceleration), Fggt) is the FLIR temperature at pixel p in the
current frame, Fétil) and FZSFQ) are the temperatures at the same pixel in the two preceding
frames, and 7; is the timestamp of frame ¢ in seconds. Both channels are normalized and
centered at 0.5. Channel 5 (T) tells the encoder whether each pixel is heating or cooling
and at what rate. Channel 6 (7') indicates whether the thermal transient is accelerating or
decelerating—a positive second derivative during warm-up signals that the system is still

far from thermal equilibrium, while a near-zero value indicates approach to steady state.

For the first two timesteps, both derivatives default to 0.5 (zero change).

Channel 7: Log-Normalized Time
A spatially broadcast scalar encodes the elapsed time 7 (seconds since test start),
compressed logarithmically so that the early transient phase and late steady-state phase

receive equal representational weight:

logo(7 + 1)
(M) — ¢ ) I 4.6
l'p norm loglo(T ax 1) ( )
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Here z, 7 is the Channel 7 value broadcast identically to every pixel p, tyorm is the resulting
log-compressed time coordinate in [0, 1], 7 is the elapsed time in seconds since the start of

the test, and Tyax is the maximum test duration across all training sessions.

Channels 8-9: Board-Level Domain Descriptors

These spatially broadcast channels encode the domain identity through per-frame ther-
mal statistics. Each statistic is first centered by subtracting its training-set mean and divid-
ing by its training-set standard deviation (z-score), then passed through a sigmoid function
that sets the result into the bounded range (0,1). This two-step normalization guaran-
tees that the domain descriptors remain well-behaved even for boards whose temperature
statistics fall far outside the training distribution—the sigmoid saturates rather than ex-

trapolating, avoiding the out-of-range values that would occur with simple min-max scaling.

Formally:
(8) _ _ (OF —OF .
z,’ =Ch8 =0 I (thermal amplitude) (4.7)
oFp
a:z(,g) =Ch9 =0 <M> (thermal level) (4.8)
Our

Here 331()8) (thermal amplitude) and a:l()g) (thermal level) are the domain descriptor values

broadcast to every pixel p, and o and pp are the per-frame standard deviation and mean
temperature defined in Section 4.1.1. The notation o(-) denotes the logistic sigmoid [48]
o(z) = 1/(1 + e *). The training-set statistics 6p and 6., are the mean and standard
deviation of per-frame o values computed across all training files; jip and 6,, are the
corresponding statistics for per-frame pp. The sigmoid guarantees that Ch8 and Ch9 lie
strictly in (0, 1) for any input temperature—including boards with thermal ranges far out-
side the training distribution—eliminating the out-of-distribution extrapolation that caused
systematic DC offsets with the previous min-max normalization (see Section 4.3.5). The
z-score centres the training distribution at ¢(0) = 0.5, preserving dynamic range: HBridge

training values span approximately [0.15,0.84] in Ch9, providing ~0.69 of usable range for
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FiLM conditioning.

Thermal State Vector
The 6-element FiLM conditioning input aggregates temporal position, domain identity,

and thermal field summary statistics:

tnorm

a(2(VF?))

This vector enters the model through a separate input and drives FiLM modulation at
all four decoder levels. The first three elements duplicate information already present in
the spatial channels (Ch. 7-9), providing the FiLM embedding network with a compact
summary of when the frame was captured and which thermal operating range the board
occupies. The three additional elements—FLIR temperature range within the PCB mask
(s4), mean first temporal derivative (s5), and mean squared gradient magnitude (sg)—
provide the FiLM pathway with richer supervision about the board’s current thermal state.
All six features use the same sigmoid-of-z-score normalization as Channels 8-9, ensuring
bounded inputs regardless of the board’s absolute temperature range.

Taken together, the 10 spatial channels and 6-element state vector give the model two
complementary views of the same thermal scene. Channels 0—6 provide dense per-pixel
information—where heat is, how fast it is changing, and what the local spatial structure
looks like—while Channels 7-9 and the state vector summarize the frame-level context:
when the measurement was taken, how thermally active the board is, and which oper-
ating condition produced the frame. Because the per-pixel channels are normalized rela-

tive to each frame’s own statistics, they transfer across boards without modification. The
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frame-level descriptors carry the board-specific context that the FiLM conditioning network
(Section 4.1.3) uses to adapt the decoder to each board’s thermal characteristics. The fol-
lowing subsections describe how these inputs flow through the encoder, FiLM conditioning

pathway, and decoder.

4.1.2 U-Net Encoder and Bottleneck

The encoder compresses the 10-channel input into a compact spatial representation
through a series of convolutional blocks. Each of the four encoder blocks applies two 3 x 3
convolution layers with rectified linear unit (ReLU) activation [48], followed by 2 x 2 max
pooling for spatial downsampling. In the notation used below, Conve denotes a 3 x 3
convolution producing C' output feature channels, and MaxPoolsyo halves each spatial
dimension by selecting the maximum value in each 2 x 2 window. The output feature
map of encoder block k after pooling is hy, and hzkip is the feature map from block k before
pooling, retained so the decoder can recover fine spatial detail that pooling discards. Each

encoder block follows the same pattern:
hy = MaxPoohXQ(ReLU(Conka(ReLU(convok(hk,l))))>, k=1,2,3,4  (410)

where hg = x is the 10-channel input tensor. Table 4.2 summarizes the spatial resolution

and channel count at each encoder stage.

Table 4.2: Encoder block dimensions. Each block doubles the channel count and halves the
spatial resolution.

Stage Channels (C;) Owutput Size Skip Size (hzkip)
Input (ho) 10 480 x 640  —
Block 1 (k = 32 240 x 320 480 x 640 x 32

(k=1)

Block 2 (k = 2) 64 120 x 160 240 x 320 x 64

Block 3 (k = 3) 128 60 x 80 120 x 160 x 128
(k =4) 256 30 x 40 60 x 80 X 256
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After the fourth encoder block, a bottleneck applies two additional 3 x 3 convolutions

at 512 channels without further pooling:
h5 = ReLU(COHV512(ReLU(COHV512(h4)>)) S R30X40X512 (4.11)

At this 30 x 40 resolution, each feature map position has a receptive field covering a large
portion of the board, enabling the bottleneck to capture board-wide thermal coupling pat-
terns. The bottleneck output hs is then passed to the decoder, where it is progressively
upsampled and recombined with the skip connections hikip through hikip to recover the

original 480 x 640 spatial resolution.

4.1.3 FiLM Conditioning Mechanism

The encoder processes spatial features from the 10-channel input, but it has no di-
rect access to frame-level context such as elapsed time or the board’s thermal operating
condition. The Feature-wise Linear Modulation (FiLM) mechanism [30] addresses this by
converting the 6-element thermal state vector s into per-channel scale and shift parameters
that modulate the decoder’s feature maps at every level.

The first step maps s € RS to a shared latent embedding z € R%* through a two-layer
MLP:

z(1) = ReLU(W s + by) (4.12)

z = ReLU(Wyz() + by) (4.13)

Here W1 € R32%6 and by € R?? are the weights and bias of the first fully connected layer,
expanding the 6-element input to 32 hidden units, and Wy € R%4%32 and by € R are the
weights and bias of the second layer, further expanding to 64 units. The rectified linear
unit activation ReLU(-) = max(0, -) introduces nonlinearity so the embedding can represent
complex relationships between the state vector elements. This embedding is computed once

per sample and shared across all four decoder levels.
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From the shared embedding, separate linear projections produce a scale vector v, and

shift vector 3, for each decoder level ¢ € {6,7,8,9}:

v, =W,,z+b, € R (4.14)

B, =Wjg,z+bg, € R (4.15)

where W, € RC*64 projects the 64-dimensional embedding down to Cy channels, and C;
matches the decoder’s channel count at level ¢ (256, 128, 64, and 32 for levels 6 through
9, respectively). There is one (v,, 3,) pair per decoder level, giving the FiLM pathway the
flexibility to apply different modulation at different spatial scales.

These parameters are applied to the decoder feature map channel-wise:

hy =, 0 h+ B, (4.16)

where ©® denotes element-wise multiplication broadcast over the spatial dimensions (height
and width). In plain terms, each channel of the decoder feature map is first scaled by
the corresponding entry in -, and then shifted by the corresponding entry in 3,. The
scale factors «, amplify or suppress specific learned features based on the thermal state,
while the shift terms 3, add a context-dependent offset. For example, during warm-up the
FiLM pathway can amplify features that capture transient heating gradients; near thermal
equilibrium it can suppress those same features and emphasize steady-state spatial patterns
instead.

For these affine parameters to be effective from the start of training, the FiLM pro-
jections use a near-identity initialization [50]. The standard deviation of 0.02 follows the

convention established in [51] for initializing conditioning layers in generative networks:
W, ~N(0,0.02%), by, =1, Wg =0, bg =0 (4.17)

Setting b,, = 1 and bg, = 0 means that at the start of training, v, ~ 1 and 3, ~ 0, so the
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modulation reduces to ﬁg ~ hy. The decoder therefore begins training as an ordinary U-
Net, and the small random perturbation on W, breaks this symmetry so the conditioning
pathway gradually learns meaningful modulation as training progresses.

The FiLM pathway complements the spatial encoder. The encoder extracts local per-
pixel features from the 10-channel input (spatial gradients, temporal derivatives, thermal
structure), while FiLM provides a global conditioning signal that tells the decoder which
board and which time instant produced the current frame. The feature importance analysis

in Section 4.6 quantifies the relative contribution of each pathway.

4.1.4 Decoder with FiLM Modulation

The decoder reverses the encoder’s spatial compression, progressively upsampling the
bottleneck representation back to the original 480 x 640 resolution. Each of the four decoder
blocks performs three operations in sequence.

First, the feature map is upsampled and concatenated with the encoder skip connec-
tion. A 2 x 2 transposed convolution (ConvTransposec,) doubles the spatial dimensions of
the preceding feature map. A transposed convolution is the learnable inverse of the pool-
ing/striding used in the encoder: it inserts values between existing pixels and applies a 2 x 2
learned kernel to produce an output with twice the height and width [52]. The upsampled
result is then concatenated channel-wise with the skip connection thip from the encoder

block at the same spatial resolution:
h) = Concat(ConV’HansposeCZ(hg_l), hikip> (4.18)

where k is the encoder block whose skip connection matches the decoder’s current spatial
size (e.g., decoder level 6 at 60 x 80 uses hikip from encoder block 4, also at 60 x 80). The
concatenation doubles the channel count temporarily, giving the subsequent convolutions
access to both the decoder’s reconstructed features and the encoder’s original fine-grained

detail.
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Second, two 3 x 3 convolutions with ReLLU activation refine the concatenated features

and reduce the channel count back to Cy:

h; = ReLU(Conv¢,(ReLU(Convg, (hy)))) (4.19)

Third, the FiLM scale and shift parameters (v,,3,) from Section 4.1.3 are applied
channel-wise via (4.16). Applying FiLM at all four decoder levels—rather than only at
the bottleneck—allows the conditioning signal to influence both coarse thermal patterns
(early decoder blocks operating at low resolution) and fine component-level predictions
(later blocks at high resolution).

Table 4.3 summarizes the decoder dimensions at each level, along with the correspond-

ing encoder skip connection.

Table 4.3: Decoder block dimensions and corresponding encoder skip connections.

Level Channels (Cy) Owutput Size Skip From
Bottleneck (hj) 512 30 x 40 —

Decoder 6 (¢ = 6) 256 60 x 80 hMP (60 x 80 x 256)
Decoder 7 (£ = 7) 128 120 x 160 h§™® (120 x 160 x 128)
Decoder 8 (¢ = 8) 64 240 x 320 h5™P (240 x 320 x 64)
Decoder 9 (¢ = 9) 32 480 x 640  hiP (480 x 640 x 32)

After the final decoder block, a 1 x 1 convolution with sigmoid activation [48] reduces

the 32-channel feature map to a single-channel output:
@p = U(Conlel(flg))p € [0, 1] (4.20)

The 1 x 1 convolution acts as a per-pixel linear combination of the 32 decoder features,
and the sigmoid o(-) = 1/(1+ e~ ?) constrains the output to [0, 1], matching the normalized

residual target range described next.
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4.1.5 Residual Learning Target

With the architectural components defined, the remaining design decision is what the
model actually predicts. Rather than predicting absolute temperatures, the model learns
temperature residuals—the difference between the thermocouple contact measurement and
the mean FLIR surface temperature over each component’s ROI. This approach follows the
residual learning principle introduced in [23], where predicting offsets rather than absolute
values simplifies the learning task.

For each component ¢ at a given timestep, the residual is computed as:

F,= ’Ml‘ > F,  re=T¢-F (4.21)
pEM,

Here M. is the set of pixels belonging to component ¢’s ROI (from the SROI pipeline in
Chapter 3) and |[M_| is the pixel count of that ROI. F, is the FLIR-measured temperature
at pixel p (in °C) and F. is the mean FLIR temperature averaged over all pixels in the
component’s ROL. Tt is the thermocouple contact temperature for component ¢ (in °C),
and 7, is the resulting residual—positive when the thermocouple reads hotter than the FLIR

surface average, negative when it reads cooler.
Because the decoder output is bounded to [0, 1] by the sigmoid (4.20), the raw residual
r. must be normalized to match this range. The normalization proceeds in two steps: first,
the residual is scaled to [—1, 4+1] by dividing by the largest residual magnitude observed in

the training set; then it is shifted to [0, 1]:

_ rc/rabs +1

Yp = 5 Vpe M. (4.22)

where 7,15 = max(|Tmin|, |"max|) i the largest absolute residual across all components and
timesteps in the training set. For the datasets used in this work, r,ps is on the order of
15-20°C, reflecting the maximum offset between FLIR surface readings and thermocouple
contact measurements observed during high-power testing. All pixels outside any compo-

nent ROI are assigned y, = 0 and are excluded from the primary loss (Section 4.1.6).
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Residual learning provides two advantages for cross-board generalization. First, it de-
couples the prediction from absolute temperature. The encoder does not need to recover
the board-level offset removed by z-score normalization, because the residual is measured
relative to the local FLIR mean within each component ROI. Second, the residual distri-
bution has lower variance than the absolute temperature distribution, concentrating the
model’s capacity on learning the correction between surface-measured FLIR values and
contact-measured thermocouple values.

At inference, the predicted residual is mapped back to a temperature in degrees Celsius

by inverting the normalization:
fe=(20p — 1) - rabs,  Te=Fe+re (4.23)

Here 7. is the predicted residual for component c¢ in degrees Celsius, ¢, is the model’s
sigmoid-bounded output at pixel p (from (4.20)), raps is the normalization constant defined
above, F, is the mean FLIR temperature over component ¢’s ROI, and T. is the final
predicted contact temperature. The term (2g, —1) maps the sigmoid output from [0, 1] back
to [—1,+1], and multiplying by raps recovers the residual in degrees Celsius. Adding this
predicted residual to the FLIR-measured mean F, produces T.. If the model predicts ¢, =
0.5, the predicted residual is zero and 1. =F. (the FLIR reading is returned unchanged);
values above 0.5 indicate the thermocouple is expected to read hotter than the FLIR surface

average, and values below 0.5 indicate cooler.

4.1.6 Loss Function: Adaptive Weighted Masked MSE

The loss function determines what the optimizer penalizes during training. It com-
bines two components: a variance-weighted mean squared error (MSE) over ROI pixels,
and a physics-based smoothness regularizer over background pixels. Together, these two
terms ensure that the model focuses on predicting accurate component temperatures while

producing physically plausible temperature fields between components.
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Primary Loss: Inverse-Variance Weighted MSE

The primary term operates only over labeled ROI pixels—pixels that fall within a com-
ponent’s SROI mask and have a corresponding thermocouple ground-truth value. Different
boards and test conditions produce samples with different temperature spreads. Without
correction, a sample with a 50°C temperature range would produce much larger squared
errors than one with a 5°C range. This causes the high-range sample to dominate the
gradient update and biases the model toward that board’s thermal behavior.

To equalize this, each sample receives an inverse-variance weight that is inversely pro-
portional to how spread out its target temperatures are. The intuition is straightforward: a
training frame from a high-power test with large temperature differences across components
would otherwise generate a disproportionately large error signal compared to a frame near
steady state where all components sit at similar temperatures. Weighting by the inverse of
this spread ensures that both frames contribute equally to the model’s learning, preventing
the high-power conditions from overshadowing the steady-state behavior.

Formally, for a batch of N training samples, let M) denote the set of labeled ROI
pixels for sample n—these are the pixels that fall within a component’s SROI mask and
have a corresponding thermocouple ground-truth value. The per-sample target variance
v = Var{y, : p € M} measures how spread out the normalized residual targets are

across all instrumented components in that frame. The adaptive weight is:

B (0™ 4 )1
% Z%ﬂ(”(m) +e)! 7

w™ e =0.01 (4.24)
Here w(™ is the normalized weight assigned to sample n, with larger weights given to samples
whose target values are tightly clustered (low v(")) and smaller weights given to samples
with widely spread targets (high v(")). The stabilization constant € = 0.01 prevents division
by zero when a sample has nearly constant target values, such as during steady state where
all components have converged to similar temperatures. The denominator normalizes the
weights so their mean across the batch equals one, ensuring that the overall learning rate is

unaffected—only the relative contribution of each sample changes. This weighting scheme
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is inspired by the uncertainty-based multi-task loss in [53].

The primary per-sample loss is then:

(n)
(n) _ w n ~(n)\2
Eprimary - ’M(n)| 2 : (yé ) — I(J )) (425)
pEM(”)

where yz(,n) is the normalized residual target (from (4.22)) and yjz(;n) is the model’s sigmoid-

bounded prediction at pixel p.

Smoothness Regularizer

The second loss component encourages physically plausible temperature fields in the
background (non-ROI) region of the prediction, following the principle of embedding phys-
ical constraints into neural network loss functions [54]. On a thermally conductive sur-
face away from active heat sources, steady-state temperature satisfies Laplace’s equation
V2T = 0 ~meaning neighboring pixels should have similar temperatures. The smoothness

loss penalizes deviations from this condition:

m _ 1 25(n)\2
Esmooth - ‘M(n)’ Z (v y1(7 )) (426)
pgM )
where M (™ is the set of unlabeled background pixels for sample n. The discrete Laplacian

V2 is computed by convolving the prediction with the standard 3 x 3 kernel:

0 1 0
V2 kernel = |1 —4 1

0 1 0

This kernel compares each pixel to its four immediate neighbors (same operation as Chan-
nel 3 from Section 4.1.1). Where the predicted temperature varies smoothly, the Laplacian
is near zero and the penalty is small; where it varies abruptly—as would happen if the

decoder produced noisy or discontinuous background predictions—the penalty is large.
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Combined Loss and Board-Level Weighting
The per-sample total loss combines both components:

£ =cm yq.ct) a = 0.005 (4.27)

— ~primary smooth?’

The smoothness weight @ = 0.005 was chosen so that the regularizer gently discourages
abrupt temperature jumps in the background without competing with the primary ROI
loss—at this scale, the smoothness term contributes roughly 0.5% of the total loss during
typical training, enough to prevent background artifacts without distorting the component-
level predictions.

A final board-level weighting addresses the same imbalance problem at the board level.
Each sample n from board b is weighted by the board’s inverse-variance weight wy, normal-

ized so the mean weight across boards equals one:

1 X
L= ;wb L™ (4.28)

Without this weighting, the board with higher overall temperature variance would dominate
the gradient signal. With it, each DUT contributes equally to the optimizer’s parameter
updates despite their different thermal operating ranges.

In summary, the loss applies three levels of balancing:
1. Per-pixel masking restricts the primary loss to instrumented component ROIs.

2. Per-sample inverse-variance weighting (w(”)) normalizes across samples with

different temperature spreads within a batch.

3. Per-board weighting (w;) equalizes gradient contributions between PCB designs

with different overall thermal ranges.

This multi-level balancing is important for the cross-board generalization goal: without
it, the model would preferentially fit whichever board or operating condition produces the

largest loss values, at the expense of accuracy on the others.
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With the model architecture, residual learning target, and loss function now fully de-
fined, the remaining question is how the raw FLIR recordings and thermocouple logs from
Chapter 3 are transformed into the 10-channel tensors, thermal state vectors, and residual
target maps that the model requires. The following section describes this data pipeline,
and Section 4.3 then covers the training strategy—data splitting, temporal sampling, hy-
perparameters, and augmentation—that governs how the model learns from the assembled

dataset.

4.2 Data Pipeline: SROI to Training Datasets

The data pipeline bridges the SROI measurement framework (Chapter 3) and the
training process described in Section 4.3, transforming raw thermal recordings into the
ML-ready datasets that the model consumes. Referring to the pipeline stages in Fig. 3.1
of Chapter 3: Stage 1 (Altium export) and Stage 2 (coordinate transformation) produce
the SROI file, Stage 3 (ResearchIR extraction) produces the per-frame thermal data, and
Stage 4 (post-processing) assembles the ML-ready datasets described below.

Each thermal test session produces two synchronized data streams. The FLIR ther-
mal video is recorded at 15-second intervals through ResearchlR; thermocouple contact
measurements are logged at 0.5-second intervals (2 Hz) and downsampled to match the
15-second FLIR frame rate. The SROI file generated by the automated pipeline described
in Section 3.1 of Chapter 3 defines the pixel coordinates for each component ROI, enabling
ResearchIR to extract per-component temperature statistics (mean, min, max) from every
recorded frame without manual intervention. The ROI pixel map CSV exported alongside
the SROI binary (Section 3.1.3) provides the spatial index that maps component designa-
tors to their pixel locations in the 640 x 480 thermal frame—this mapping is used directly
to construct Channel 4 (the PCB binary mask) and to compute the per-component FLIR
mean F, in the residual target (4.21).

Thermocouple data provides the ground-truth contact measurements at component
locations (Section 3.2.2). The FLIR-thermocouple residual in (4.21) is then computed for

each instrumented component at each timestep, producing the normalized target maps
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described in Section 4.1.5. Components without thermocouple instrumentation are masked
out in the loss function, as described in Section 4.1.6.

The aligned frame-level data is assembled into 10-channel input tensors (480 x 640 x 10)
following the channel construction summarized in Table 4.1 and detailed in Section 4.1.1.
Thermal state vectors s € R% (4.9) are computed from each frame’s timestamp and thermal
statistics. These tensors, targets, and ROI masks are then packaged into HDF5 files—one
per board per test condition—for efficient batch loading during model training. Each HDF5
file contains the complete temporal sequence for one board, with dataset keys for the image

tensor, thermal state vector, target residual map, and ROI mask at each timestep.

4.3 Training Strategy

The HDF5 datasets assembled in Section 4.2 provide the inputs for training, but four
decisions govern how the model learns from them. First, the data must be split in a way
that prevents the model from memorizing frame sequences rather than learning thermal
coupling patterns. Second, boards with different test durations must be resampled so that
no single board dominates the gradient signal. Third, the optimizer, learning rate schedule,
and initialization robustness evaluation must be configured to produce stable, reproducible
results. Fourth, spatial augmentation must expand the effective training set to reduce the
risk of the encoder overfitting to the fixed component layout of any single PCB. Section 4.3.1
addresses the first concern through component-level splitting. Section 4.3.2 addresses the
second through non-uniform temporal resampling and per-board balancing. Section 4.3.3
covers the optimizer and robustness evaluation protocol. Section 4.3.4 describes the mir-
roring augmentation that quadruples the number of unique spatial arrangements available

during training.

4.3.1 Component-Level Data Splitting
Model training combines data from DUTs with random component-level splitting using
an 80/20 train-test partition. The split is performed at the component level rather than

the frame level: all temporal frames for a given component are assigned entirely to training
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or testing. This prevents temporal leakage where the model memorizes frame sequences
rather than learning thermal coupling patterns. Validation components span all of the DUT

designs included within training, ensuring the test set evaluates cross-PCB generalization.

4.3.2 Temporal Sampling and Dataset Balancing

Non-uniform temporal sampling addresses two related challenges: the information im-
balance between transient and steady-state phases, and the sample-count imbalance be-
tween boards with different test durations. Left unaddressed, the board with the most
frames would dominate gradient updates, biasing the model toward that board’s thermal
behavior. Each board’s thermal test spans a different total duration at the same 15-second
FLIR acquisition interval. DUT-1 and DUT-Test both cover 4,500 s of warm-up followed by
a longer steady-state tail; DUT-2 covers 1,800 s of warm-up with a proportionally shorter
tail. Raw frame counts therefore differ substantially across boards. A balanced dataset gen-
eration step equalizes per-board contributions prior to training by independently resampling
each board into a common target count.

Resampling divides each board’s timeline into a dense region (warm-up) and a sparse
region (steady-state). Within the dense region, all boards are resampled to produce the
same number of frames—Ngense Samples—by adjusting the effective step size. Both Ngense
and the overall per-board target Niaget are tunable parameters that the user selects based
on the available hardware resources (system RAM for dataset generation, GPU VRAM for
training batch size) and the desired temporal resolution. Larger values of Ngepse produce
finer temporal coverage of the warm-up transient but increase memory consumption pro-
portionally; smaller values reduce memory requirements at the cost of under-sampling rapid

thermal changes.
(0)

T
At(b) — dense 4.29
dense N, dense — 1 ( )
where Tézzlse is board b’s dense-region duration and Ngense is the chosen dense target count.

When the resampled timestamps do not coincide with original FLIR frames, linear interpo-

lation between adjacent frames produces the intermediate thermal images.
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Within the sparse region, a per-board step size is selected by grid search over integer

multiples of the native 15 s interval:

my, = arg  min

4.30
me{l,...,500} ( )

m- 15

7
\‘ sparseJ + 1_ Nsparse

where T, S%’Bme is the duration of the sparse (cool-down) region for board b, m is the candidate
multiplier of the 15 s native interval, m; is the optimal multiplier for board b, and Nsparse =
Ntarget — Ndense is the remaining per-board sample budget after the dense region. This
search ensures that all boards contribute within 5% of one another in total sample count,
despite their different test durations. As a concrete example, Table 4.4 shows the resulting
configuration when Ngense = 121 and Niarget =~ 500. With these settings, DUT-1 and DUT-
Test (Tyense = 4,500 s) produce a dense step of ~37.5 s, while DUT-2 (Tyense = 1,800 s)
retains the native 15 s interval. Different choices of Ngense and Niarget shift these step sizes

accordingly.

Table 4.4: Example balanced dataset configuration with Ngense = 121 and Niarget = 500.

Board Dense Step Ngense Sparse Step Ngparse Total
DUT-1 (HBridge) 37.5s 121 2858 377 498
DUT-2 (LoadShedding) 15s 121 300s 370 491
DUT-Test (TGD) 37.5s 121 285s 378 499

Balanced files are generated once during preprocessing and stored as HDF5 datasets
with the same schema as the originals, allowing the training pipeline to load them inter-
changeably. An interpolation flag stored alongside each sample distinguishes native frames
from interpolated ones, enabling post-hoc analysis of interpolation effects if needed. With
spatial augmentation (Section 4.3.4), each of the 8 board variants receives its own balanced
file, producing a total training pool of approximately 8 X Niarger samples before the 80/20

component-level split.
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4.3.3 Training Hyperparameters

Training employs the Adam optimizer [55] with an initial learning rate n = 1 x 1073
and a customizable batch size. Two callbacks govern training duration and learning rate
adaptation, both monitoring validation loss to prevent overfitting. The first callback, early
stopping [48, 56], terminates training if validation loss does not improve for the configured
number of consecutive epochs and restores the model weights to the best-performing epoch.
The second callback, a ReduceLROnPlateau scheduler [57], reduces the learning rate by a

factor of 0.5 whenever validation loss plateaus for 5 consecutive epochs:

0.5m, if val_loss has not improved for 5 epochs
NMe+1 = (4.31)
Nk otherwise

where k is the epoch index and 7, is the learning rate at epoch k. A floor of i, = 1 x 1076
prevents the learning rate from collapsing. Because the differential learning rate multiplier
(Section 4.3.6) scales FiLM gradients by a constant factor m, the scheduler reduction prop-
agates proportionally to both the backbone () and FiLM (m - ) pathways. Initialization
robustness testing across a configurable number of random weight initializations assesses
sensitivity to initialization [58], with performance quantified using coefficient of determina-
tion (R?), root mean squared error (RMSE), and mean absolute error (MAE) [48] computed

at ROI pixel locations.

4.3.4 Spatial Data Augmentation

With a small number of training boards, the convolutional encoder risks memorizing
the fixed spatial arrangement of components on each PCB rather than learning generalizable
thermal coupling patterns. Spatial data augmentation [59] addresses this risk by mirroring
each board’s dataset along the horizontal (X), vertical (Y), and combined (XY) axes prior
to training, producing three additional geometric variants per board and quadrupling the
number of unique thermal spatial patterns available for training.

Mirroring is applied during preprocessing rather than on-the-fly. A dedicated script
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reads each board’s canonical HDF5 dataset and writes three new files—one per flip variant—
containing the transformed data. For each variant, every 480 x 640 FLIR frame is flipped
using NumPy array slicing: vertical flipping reverses the row axis, horizontal flipping re-
verses the column axis, and combined flipping applies both operations sequentially. The
per-component ROI binary masks undergo the identical spatial transformation, ensuring
that thermocouple-to-pixel alignment is preserved after flipping. A post-generation verifi-
cation step confirms that each flipped ROI mask retains the same pixel count as its original,
guaranteeing no spatial information is lost or misaligned. Fig. 4.3 illustrates this verification

step for the four spatial orientations of DUT-2.

DUT-2: ROI Positions on FLIR Image DUT-2 (Mirror X): ROI Positions on FLIR Image
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Fig. 4.3: Spatial data augmentation through mirroring for DUT-2 (LoadShedding): (a) orig-
inal orientation, (b) horizontal flip (X-axis), (c) vertical flip (Y-axis), (d) combined flip

(XY). ROI overlay positions confirm that component masks are flipped consistently with
the FLIR frame.
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Scalar quantities that are not spatially dependent—thermocouple temperatures, times-
tamps, and frame indices—are copied unchanged, since flipping a PCB image does not alter
temperature values or temporal information. The PCB corner coordinates stored in the
dataset metadata are recalculated to reflect the new bounding box after flipping, which en-
sures that downstream spatial features (e.g., the PCB mask in Channel 4 and the gradient
features in Channels 1-3) are computed correctly from the transformed frames.

Each mirrored variant is assigned a unique board identifier (e.g., board_id 3.0 for DUT-1
flipX, 4.0 for DUT-1 flipY, etc.), which propagates into the domain descriptor channels Ch8
and Ch9. This means the FiLM conditioning pathway treats each variant as a distinct board
with its own thermal operating point. Additionally, each variant receives an independently
re-randomized 80/20 component-level train/validation split, so different components are
held out across variants. This prevents the model from seeing all components of a given
board geometry across variants and forces it to generalize across component subsets as well
as spatial orientations. The result is Npoards X 4 total training variants (Npoards = 2 yields
8: 2 original 4+ 6 mirrored), each with a distinct spatial layout, unique board identifier, and

independent validation split.

4.3.5 Domain Augmentation

Training sets containing only a small number of boards (DUT-1 and DUT-2 only) each
occupy a narrow region in the Ch8-Ch9 domain descriptor space. Without augmentation,
the FiLM conditioning pathway sees only two discrete domain points during training, which
allows the affine projections to learn a sharp two-class step function that does not extrap-
olate to unseen boards. Domain augmentation addresses this limitation by perturbing the
board-level domain descriptors during training, expanding the two discrete domain points
into a continuous cloud that covers a broader range of thermal operating conditions. The
augmentation operates only during training, after computing Ch8/Ch9 and s, and before
the model processes the data. It does not modify the model architecture or loss function.

The first augmentation technique is Gaussian jitter applied to the domain descriptors—

a form of noise injection regularization [48]. For each training sample, independent Gaussian
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perturbations are added:

Ch84ug = clip(Ch8 + €5, 0, 1), &3 ~N(0,0%,,) (4.32)
Ch94ug = clip(Ch9 + €9, 0, 1), &9 ~N(0,0%,,) (4.33)

with 0,4, = 0.50. Because Ch8 and Ch9 are produced by the sigmoid function they already
lie in (0, 1); the clip operation is therefore rarely active but provides a safety bound after
additive noise. The augmented values replace both the spatial channels (a:l(,g), x](og)) and the
corresponding entries in the thermal state vector s, maintaining consistency between the
encoder and FiLM inputs. The perturbation propagates through the entire FiLM chain:
noise in s produces proportional perturbations in the embedding z, which in turn perturb ~,
and B, at each decoder level. This forces the FiLM projections to learn smooth mappings
across the domain parameter space rather than memorizing two discrete points.

The second technique is cross-domain mixing, which creates virtual training samples
whose domain descriptors fall between existing boards. Gaussian jitter spreads each board’s
domain point into a cloud centered on its original location, but it cannot produce descriptors
that lie in the gap between boards—for example, a hypothetical board whose thermal
amplitude is midway between DUT-1 and DUT-2. Cross-domain mixing fills this gap by
blending the domain statistics of two real boards, following the MixUp [60] and MixStyle [61]
frameworks for constructing interpolated training samples.

During training, each sample has a ppix = 0.30 probability of undergoing cross-domain
mixing. When mixing is triggered, a sample from board A has its domain descriptors

interpolated with those of a randomly selected board B:

Ch9mix = A-Ch94 + (1 — A) - Ch9p, A ~ Beta(amix, ¥mix) (4.34)

Here Ch9,4 and Ch9p are the domain descriptor values for the two boards, and the mixing
coefficient A € [0, 1] controls how much of each board’s descriptor is used (Ch8 is blended

analogously). The Beta distribution with shape parameter amix = 0.40 concentrates A near
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0 and 1, so most mixed samples stay close to one board’s descriptors rather than landing
halfway between them—this keeps the domain identity roughly consistent with board A’s
unmixed spatial pattern while still exposing the FiLM pathway to intermediate operating
points.

The effect is that a sample keeps board A’s pixel-level thermal pattern but receives
domain descriptors shifted toward board B, preventing the FiLM pathway from learning a
brittle association between each board’s exact descriptor values and its thermal behavior.
Both techniques are applied together during training, with Gaussian jitter following cross-

domain mixing.

4.3.6 Differential Learning Rate

The FiLM conditioning pathway comprises 64,736 parameters out of the total 7.8M
(< 0.9%), yet these parameters are the sole pathway through which the model conditions
on temporal and domain state. Because FiLM gradients must pass through the small-
magnitude embedding MLP, the conditioning pathway trains slowly relative to the convo-
lutional encoder-decoder.

A differential learning rate—a technique introduced for discriminative fine-tuning in [62]—
addresses this imbalance by scaling the gradients for all FiLM and embedding variables by
a multiplier m = 10:

m-g, ifv € Vprm
Gy = (4.35)

o otherwise
where v denotes any trainable parameter, g, = 0L/0v is the raw gradient of the loss
with respect to that parameter, g, is the scaled gradient passed to the optimizer, and Vgim
includes all kernel and bias parameters from the embedding MLP and the four pairs of FiLM
affine projections. The effective learning rate for FiLM parameters becomes npiiym = m - 1,
while the backbone retains the base rate n. When the learning rate scheduler reduces 7,

both pathways decay proportionally, preserving the ratio m throughout training.
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4.4 Results: Initialization Robustness Validation

The training strategy described in Section 4.3 produces a trained model evaluated here
across two configurations that separate best-case within-training performance from held-out
cross-design generalization. Section 4.4.1 describes the experimental platforms, evaluation

metrics, and seed selection protocol applied consistently across both configurations.

4.4.1 Test Setup

The thermal datasets used for model training and evaluation are produced by the val-
idation framework described in Section 3.2 of Chapter 3. Two PCBs serve as experimental
platforms: DUT-1 (TABSRC sensing interface [63], 22 monitored components) and DUT-2
(Load Shedding switch board [64], 20 monitored components). Both DUTs undergo 60-90
minute thermal tests in air and sand environments, with a FLIR T5590 camera recording
640 x 480 thermal frames at 15-second intervals (Section 3.2.1) and thermocouples log-
ging contact temperatures at each instrumented component (Section 3.2.2). The resulting
datasets contain approximately 200-400 FLIR frames per test session with 42 total moni-
tored components across both designs. Because the model’s inputs and targets are derived
entirely from this measurement framework—FLIR surface images, thermocouple contact
readings, and SROI-defined ROI masks—the prediction accuracy reported below reflects
the model’s ability to learn the FLIR-to-thermocouple correction, independent of the ther-
mal test conditions themselves.

Two training configurations are evaluated: (1) DUT-Test excluded from training (two-
board model) and (2) DUT-Test included in training (three-board model). Unless otherwise
noted, all reported metrics correspond to the best seed from the initialization robustness
evaluation, selected by lowest validation loss. The two-board model uses seed 51 (R? =
0.963, MAE = 1.63°C) and the three-board model uses seed 45 (R?> = 0.969, MAE =
1.53°C), each selected from 10 seeds (42-51) by lowest validation loss.

The results are organized into three subsections corresponding to three distinct eval-
uation configurations. Section 4.4.2 presents the three-board model in which DUT-Test is

included in the training set with an 80/20 component-level split, providing the best-case
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performance baseline. Section 4.4.3 presents the two-board model in which DUT-Test is
excluded entirely from training and evaluated as an unseen board, testing cross-design gen-
eralization. Section 4.4.4 presents an initialization robustness analysis of the two-board
configuration across 10 random weight initializations, quantifying sensitivity to initializa-

tion.

4.4.2 Three-Board Model: DUT-Test Included in Training

In this configuration, all three boards—DUT-1, DUT-2, and DUT-Test—are included
in the training set with an 80/20 component-level split. This represents the best-case
scenario where thermal data is available for every board of interest, and the model has the
opportunity to observe each board’s thermal patterns during training.

Fig. 4.4 shows the per-component error distributions across all three DUTs. DUT-2
(LoadShedding) has the tightest error spread (MAE = 0.76°C), reflecting its lower thermal
gradients, while DUT-1 (HBridge) shows the widest spread (MAE = 2.39°C) due to its
higher power dissipation. DUT-Test (ThermalGateDriver) falls between the two (MAE =
1.36°C), confirming that the model captures its thermal patterns when included in training.

Fig. 4.5 shows the timeseries predictions for the best-performing components on each
DUT alongside the actual thermocouple readings. Temporal predictions capture both the
transient warm-up dynamics and steady-state equilibrium, confirming that FiLM condition-
ing enables accurate prediction across the full temporal range.

Fig. 4.6 shows the aggregate predicted versus actual temperature scatter. Points tightly
clustered along the unity line (y = x) indicate low systematic bias, and the narrow shaded
regions (first two standard deviations of MAE) confirm uniform accuracy across the tem-
perature range.

The outlier predictions visible beyond the 20 shaded region correspond to DUT-1 (H-
Bridge), specifically the PS2 power supply component, which shows thermal coupling be-
havior distinct from the majority of components on that board. PS2 operates at a different

thermal time constant and steady-state temperature relative to neighboring components,
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Per-Board Evaluation Metrics
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Fig. 4.4: Box-and-whisker comparison of per-component MAE and RMSE across all DUTs
with DUT-Test included in the training set (80/20 component-level split).
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Fig. 4.5: Timeseries predictions of the best-performing components for each DUT alongside
actual thermocouple readings, with DUT-Test included in training.

making it an atypical sample in the training distribution. Importantly, the model’s pre-
diction error on PS2 is an over-prediction—the model assigns a higher temperature than
measured—which is a conservative outcome from a reliability standpoint: a design engineer
relying on this prediction would apply more thermal margin to that component, not less.

This behavior reflects the model appropriately flagging thermal uncertainty for an outlier



component rather than a systematic failure of prediction accuracy.
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Fig. 4.6: Predicted vs. actual temperature scatter for the three-board model (DUT-Test
included in training), with the first two o of MAE shown as shaded regions around the

unity line.

Table 4.5 summarizes the quantitative results for the three-board model, reporting

per-board mixed-PCB validation metrics alongside the overall aggregate.

Table 4.5: Three-Board Model Results: Mixed-PCB Validation Performance (Best Seed 45).

Board Evaluation Type R? RMSE (°C) MAE (°C)
DUT-1 (HBridge) Mixed-PCB validation  0.829 3.98 2.39
DUT-2 (LoadShedding)  Mixed-PCB validation 0.787 0.95 0.76
DUT-Test (Gate Driver) Mixed-PCB validation 0.934 1.69 1.36
Overall Mixed-PCB val 0.969 2.45 1.53

The three-board model achieves an overall R? = 0.969, RMSE = 2.45°C, and MAE =

1.53°C across all validation components. DUT-2 has the lowest error (MAE = 0.76°C) owing

to its moderate thermal gradients, while DUT-1 shows the highest (MAE = 2.39°C) due to
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its larger power dissipation and steeper spatial gradients. DUT-Test achieves MAE = 1.36°C
when included in training—a result that will serve as a baseline for comparison against the
two-board held-out evaluation in Section 4.4.3.

Across the full dataset, the model does not exhibit a systematic tendency toward
over- or under-prediction: the distribution of errors is approximately zero-mean for both
boards and test conditions, as reflected in the tight scatter around the unity line. This
symmetry is intentional—the model is trained with a symmetric loss function that treats
under-prediction and over-prediction equivalently. From a reliability standpoint, a designer
may prefer predictions that systematically err on the side of higher temperatures, ensuring
that thermal margins are not underestimated. Approaches for introducing a conservative
bias—including post-processing temperature offsets and asymmetric loss retraining—are
discussed as a future direction in Section 5.4.

Fig. 4.7 presents the training curves for this configuration. The learning rate schedule,
overfitting gap, and convergence trajectories confirm that the model trains stably with all

three boards present.

4.4.3 Two-Board Model: DUT-Test Excluded from Training

In this configuration, only DUT-1 and DUT-2 are used for training (80/20 component-
level split). DUT-Test is excluded entirely from the training set and evaluated as an unseen
board, testing the practical deployment scenario where a new PCB design must be assessed
without design-specific training data. This is the more demanding evaluation: the model
must generalize its learned thermal coupling patterns to a board it has never observed.

Fig. 4.8 shows the per-component error distributions. Despite never appearing in train-
ing, DUT-Test achieves a held-out MAE = 1.24°C—lower than DUT-1’s validation MAE
of 2.94°C—demonstrating that the model’s learned thermal coupling patterns transfer ef-
fectively to the unseen board design.

Fig. 4.9 shows the timeseries predictions for this configuration. Despite never observ-
ing DUT-Test during training, the model tracks both transient and steady-state behavior,

though with wider prediction error bands compared to the three-board model. Fig. 4.10
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Fig. 4.7: Training curves with DUT-Test included in the training set: (a) improvement
rate, (b) learning rate schedule, (c) overfitting gap, (d) RMSE, (e) loss, (f) MAE. Red lines
indicate the best epoch as determined by lowest validation loss.

shows the predicted versus actual temperature scatter for the two-board model. Fig. 4.11
presents the training curves for this two-board configuration. Table 4.6 summarizes the
quantitative results for the two-board model, comparing the mixed-PCB validation per-
formance on training boards (DUT-1 and DUT-2) with the unseen-board evaluation on
DUT-Test.

The DUT-Test unseen-board evaluation achieves R?=0.949, RMSE=1.65°C, and MAE=1.24°C
across 2,768 component-timestep pairs—a strong result given that the model has never ob-

served DUT-Test data during training. The R?=0.949 indicates that the model explains
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Fig. 4.9: Timeseries predictions of the best-performing components for each DUT alongside
actual thermocouple readings, with DUT-Test excluded from training.

95% of the variance in DUT-Test component temperatures, confirming substantial transfer
of thermal coupling patterns across PCB designs. The RMSE of 1.65°C is lower than the
2.70°C overall mixed-PCB validation error on training boards, indicating that the model
generalizes effectively to this unseen design. For junction-temperature-limited components,

rated maximums typically provide 10-25°C of margin above nominal operation. A 1.24°C
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Table 4.6: Two-Board Model Results: Training Board Validation and Unseen-Board Gen-
eralization (Best Seed 51).

Board Evaluation Type R? RMSE (°C) MAE (°C)
DUT-1 (HBridge) Mixed-PCB validation 0.791 4.39 2.94
Overall Mixed-PCB val 0.963 2.70 1.63
DUT-Test (Gate Driver) Held-out (unseen-board) 0.949 1.65 1.24

MAE is well within this margin, enabling reliable identification of thermally at-risk compo-

nents without per-design FEM setup.

4.4.4 Initialization Robustness Analysis

To assess whether the two-board model’s performance is sensitive to the random
weight initialization, initialization robustness testing across 10 random initializations is
performed—a practice recommended in [58] to ensure reproducible benchmarking. All 10
seeds use the two-board configuration (DUT-Test excluded from training) with identical

hyperparameters; only the random weight initialization differs. Table 4.7 summarizes the
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Fig. 4.11: Training curves with DUT-Test excluded from the training set: (a) improvement
rate, (b) learning rate schedule, (c) overfitting gap, (d) RMSE, (e) loss, (f) MAE. Red lines
indicate the best epoch as determined by lowest validation loss.

performance statistics across all 10 seeds.

The model achieves mean R?=0.952 and MAE=1.91°C across all seeds, with standard
deviation of 0.22°C for MAE and 0.33°C for RMSE, confirming good stability. The best seed
(seed 51) achieves R?=0.963 and MAE=1.63°C, while the worst seed (seed 48) maintains
R2=0.939 and MAE=2.31°C—a performance band indicating low sensitivity to initializa-
tion. Unless otherwise noted, all results reported in Sections 4.4.2 and 4.4.3 correspond to
the best seed selected by lowest validation loss.

The held-out DUT-Test evaluation across all 10 seeds shows mean R2=0.942 (std=0.039),
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Table 4.7: Initialization Robustness Statistics (Two-Board Model, 10 Seeds).

MAE (°C) RMSE (°C) R2

Mean 1.91 3.05 0.952
Std 0.22 0.33 0.010
Q1 1.70 2.74 0.942
Median 1.90 3.10 0.951
Q3 2.07 3.37 0.962

mean RMSE=1.69°C (std=0.53°C), and mean MAE=1.21°C (std=0.51°C), confirming con-
sistent cross-design generalization regardless of initialization. Table 4.8 presents the corre-
sponding statistics for the three-board model (DUT-Test included in training), enabling a

direct comparison of initialization robustness between the two configurations.

Table 4.8: Initialization Robustness Statistics (Three-Board Model, 10 Seeds).

MAE (°C) RMSE (°C) R2

Mean 1.91 2.99 0.953
Std 0.24 0.41 0.012
Q1 1.78 2.58 0.943
Median 1.85 3.26 0.945
Q3 1.95 3.32 0.966

The three-board model achieves comparable mean performance (R2=0.953, MAE=1.91°C)
to the two-board model, with the best seed (seed 45) reaching R?=0.969 and MAE=1.53°C.
Including DUT-Test in the training set improves the best-seed overall R? from 0.963 to
0.969 and reduces RMSE from 2.70°C to 2.45°C, while the initialization robustness vari-
ability remains similar (R? std of 0.012 vs 0.010). Fig. 4.12 shows the error distributions
and metric spread across all 10 seeds for the two-board model. The tight clustering of R2,
MAE, and RMSE across seeds confirms that model performance is not sensitive to random
weight initialization, a prerequisite for reproducible deployment. Despite never observing
DUT-Test during training, the model achieves consistent cross-design generalization across

initializations, with R? ranging from 0.851 to 0.978. Fig. 4.13 presents the corresponding
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Fig. 4.12: Error distributions and metrics across 10 random seeds for the two-board model.
The narrow standard deviation across seeds for R%, MAE, and RMSE confirms that model
performance is not sensitive to random weight initialization.

error distributions for the three-board model.
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Fig. 4.13: Error distributions and metrics across 10 random seeds for the three-board model
(DUT-Test included in training). The similar spread to the two-board model confirms that

adding a third board does not destabilize training.
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Validation components span diverse types including resistors, inductors, capacitors, and
driver ICs. This component diversity confirms that the model learns generalizable spatial
thermal coupling patterns rather than component-type-specific behaviors, supporting the

cross-design generalization assessment in Section 4.5.

4.5 Generalization and Held-Out Evaluation

Cross-design generalization is the property that distinguishes a practical thermal screen-
ing tool from a design-specific regression model. In iterative research programs with evolving
design requirements—where inverter boards, compensation network boards, and protection
circuitry undergo concurrent development—a model that transfers learned thermal pat-
terns across designs enables engineers to screen proposed layouts before committing to
full FEM analysis or physical prototyping. Without cross-design generalization, each new
board requires its own training dataset, its own model calibration, and its own validation
cycle—reintroducing the per-design bottleneck that makes thermal iteration impractical
under concurrent development timelines. A generalizable model eliminates this bottleneck
by amortizing training cost across designs, transforming the ML model from a research
result into a practical design tool within the thermally informed framework developed in
this thesis.

The model trained on mixed DUT-1 and DUT-2 data demonstrates this capability: it
predicts temperatures on held-out components from both designs without design-specific
retraining. DUT-1 (TABSRC interface) and DUT-2 (Load Shedding board) represent dis-
tinct PCB topologies with different component layouts, power densities, and thermal cou-
pling patterns. Mixed-component validation across these designs confirms that the model
captures generalizable thermal coupling physics rather than design-specific spatial memo-
rization.

Four architectural choices are central to this generalization capability. First, the z-
score normalization (4.1) removes the board-level absolute temperature from the encoder
input, forcing the convolutional pathway to learn spatial patterns that are invariant to

which board produced the frame. Second, FiLM conditioning at all four decoder levels



107

injects board-level context through the thermal state vector, allowing the decoder to recon-
struct board-appropriate predictions from domain-agnostic spatial features. Third, domain
augmentation (Section 4.3.5) expands the two discrete training domain points into a con-
tinuous cloud, forcing the FiLM projections to learn smooth mappings that interpolate and
extrapolate across the domain parameter space rather than memorizing a two-class step
function. Fourth, spatial data augmentation (Section 4.3.4) mirrors each board along three
axes, quadrupling the number of unique spatial layouts and preventing the encoder from

associating fixed pixel positions with specific component identities.

4.6 Feature Importance Analysis

To determine which of the model’s input features contribute most to prediction accu-
racy, permutation feature importance [65] is computed separately for each board. For each
feature, its values are randomly shuffled across samples (preserving the marginal distribution
while destroying the correlation with the target), and the model is re-evaluated. The change
in RMSE (ARMSE) quantifies each feature’s contribution: large positive ARMSE indicates
a critical feature, near-zero indicates a neutral feature, and negative ARMSE indicates a
feature whose removal improves predictions. Two separate feature importance analyses
are conducted: one using the two-board model (seed 51) and one using the three-board
model (seed 45), both evaluated on all three boards. Comparing the per-board importance
profiles between the two models reveals how including additional training boards changes

which features the model learns to exploit.

4.6.1 Two-Board Model Feature Importance (DUT-Test Held Out)

Table 4.9 presents the permutation feature importance results for all three boards using
the two-board model (seed 51), sorted by |ARMSE|. The baseline model achieves R?=0.956
and RMSE=2.17°C on DUT-1, R?=0.312 and RMSE=1.66°C on DUT-2, and R?=0.949 and
RMSE=1.65°C on the held-out DUT-Test before any feature permutation.

Channel 7 (log-normalized time) is the only feature classified as critical: shuffling it

degrades RMSE by +10.84°C on DUT-1 and +7.76°C on the held-out DUT-Test, effectively
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Table 4.9: Permutation Feature Importance by Board (Two-Board Model, Seed 51).

Feature ARMSE (°C) Class
DUT-1 DUT-2 DUT-Test

thorm log-time +10.84 +0.30 +7.76 Critical
Z-score temperature  +0.03 +0.13 +0.03 Neutral
FiLM][0] tnorm —0.05 —0.04 —0.03 Neutral
T heating rate <0.01  <0.01 <0.01 Neutral

lowering the model’s predictive capability on both boards. The impact on DUT-2 is notably
smaller (40.30°C), reflecting its narrower thermal operating range where temporal position
carries less discriminative weight. This result is consistent with the model architecture:
Channel 7 encodes the temporal position that drives FiLM conditioning throughout the
decoder, and it is the only spatial channel that changes monotonically across the thermal
transient.

All other features contribute ARMSE < 0.13°C individually, classifying as neutral. The
FLIR temperature channel (Ch0) shows its largest contribution on DUT-2 (ARMSE=+0.13°C),
where the absolute temperature pattern provides relatively more information than the tem-
poral trajectory. The FiLM time normalization feature (FiLM[0]) shows a modest negative
ARMSE on all three boards (—0.03 to —0.05°C), indicating that shuffling it slightly im-
proves predictions—suggesting partial redundancy with Channel 7 in the two-board config-
uration. Channel 5 (7') contributes <0.01°C on all boards, indicating the model has not yet
learned to exploit heating rate information with only two training boards. Fig. 4.14a visu-
alizes the per-board importance magnitudes for this configuration, showing the dominant
Channel 7 bar relative to all other features. The contrast between the negative FiLM[0] and
negligible Channel 5 values here and their positive contributions in the three-board model
(Table 4.10) confirms how additional training diversity changes the features the model relies

Oo1l.

4.6.2 Three-Board Model Feature Importance (DUT-Test Included)
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When DUT-Test is included in the training set, the feature importance landscape shifts.
Table 4.10 presents the results for all three boards using the three-board model (seed 45),
using the same per-board format as Table 4.9 to enable direct comparison. The baseline
model achieves R?=0.968 and RMSE=1.83°C on DUT-1, R?=0.776 and RMSE=0.95°C on
DUT-2, and R?=0.981 and RMSE=1.00°C on the held-out DUT-Test before any feature

permutation.

Table 4.10: Permutation Feature Importance by Board (Three-Board Model, Seed 45).

Feature ARMSE (°C) Class
DUT-1 DUT-2 DUT-Test

thorm log-time +10.51 +0.41 +7.84 Critical
T heating rate +0.12 <0.01 +0.18 Helpful
FiLM][0] tnorm +0.18 +0.09 +0.15 Helpful
Z-score temperature  +0.03 +0.07 +0.04 Neutral

With DUT-Test included in training, two features emerge as helpful beyond the crit-
ical Channel 7: FiLM[0] (time normalization conditioning, ARMSE=+0.15-0.18°C) and
Channel 5 (T, ARMSE=+0.12-0.18°C on DUT-1 and DUT-Test). The temporal deriva-
tive Channel 5 shows meaningful importance for the first time, suggesting that with three
boards providing greater thermal diversity, the model learns to exploit heating rate infor-
mation that was previously redundant with the time broadcast.

Fig. 4.14b visualizes the per-board importance magnitudes for the three-board config-
uration. Comparing it with Fig. 4.14a, the reduction in Channel 7 bar magnitude and the
emergence of positive contributions from FiLM[0] and Channel 5 confirm that the model
distributes reliance across more features as training diversity increases. This shift indi-
cates that additional PCB designs enable the model to extract thermal patterns beyond the
monotonic temporal position signal, which is expected to improve prediction robustness as

more boards become available for training.
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4.6.3 Feature Importance Summary

The Channel 7 dominance on DUT-2 (LoadShedding) is notably lower (ARMSE=+0.30—
0.41°C) compared to DUT-1 and DUT-Test (+7-11°C). This reflects DUT-2’s narrower
thermal operating range: with a smaller temperature swing during testing, the temporal
position carries less discriminative power. The FLIR temperature channel (Ch0) shows its
largest contribution on DUT-2 (ARMSE=+-0.07-0.13°C), where the absolute temperature
pattern provides relatively more information than the temporal trajectory.

These results confirm that the model’s prediction accuracy relies primarily on the tem-
poral conditioning pathway (Channel 7 — FiLM) rather than on the spatial feature channels.
The emergence of Channel 5 (T ) as a helpful feature in the three-board model suggests that
adding training boards enables the model to extract richer temporal information beyond
the monotonic time signal. The model’s architecture—with its multi-scale encoder, skip
connections, and FiLM conditioning at all decoder levels—is designed to exploit additional
spatial and temporal diversity as more PCB designs become available for training.

The results presented in this chapter—cross-design generalization across two and three
training boards, unseen-board prediction on a held-out third design achieving R?=0.949, and
feature importance analysis identifying the temporal conditioning pathway as the dominant
contributor—demonstrate that the ML framework can provide the rapid thermal screening
capability identified as the missing piece in the methods comparison of Chapter 2. Chapter 5
synthesizes these results with the simulation and experimental contributions into a practical
design workflow, discusses the scope and limitations of the current framework, and outlines

the path toward prototype-free thermal prediction.



CHAPTER 5
SUMMARY AND FUTURE WORK

This thesis has examined the thermal implications of embedding dynamic wireless
power transfer (DWPT) power electronics within roadway environments. Building on prior
research [13], which documented the thermal failure of an embedded DWPT gate driver
board and established FEM-validated thermal modeling for embedded compensation ca-
pacitors (Chapter 2, Section 2.3), this work develops a practical methodology for thermal
design and rapid screening of embedded modules spanning analytical estimation, simulation,

and machine learning.

5.1 Summary of Contributions

The first contribution is a variable-speed PLECS simulation framework for multi-pad
DWPT systems. The simulation captures time-varying coupling between transmitter and
receiver coils as a function of vehicle speed and position, enabling system-level loss prediction
across realistic driving scenarios. This framework replaces the single-speed steady-state
analysis common in prior work with a dynamic model that reflects the pulsed, variable-
coupling nature of roadway DWPT operation. By quantifying per-component losses under
realistic pulsed utilization, this framework reveals the overrating margin between rated
component envelopes and actual thermal loading—establishing that embedded systems can
be derated and defining the design space for properly rated operation. This gap represents
the first barrier to moving beyond conservative overrating.

The second contribution is a systematic comparison of thermal analysis methods for
embedded power electronics. Analytical loss models using the improved generalized Stein-
metz equation (IGSE) for inductor core loss and dielectric loss calculation for capacitors
provide fast estimation of component-level power dissipation, which is the starting point for

thermal analysis on a per-component basis. RC thermal circuit analysis was applied to a
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resistor load assembly to assess the applicability of lumped-parameter models to embedded
geometries, revealing that the uncertain thermal interface properties of embedding media
limit analytical accuracy. This comparison of methods identifies the gap that motivates
the experimental and data-driven approaches in subsequent chapters. By quantifying the
accuracy-speed tradeoff, this contribution establishes that no single existing approach pro-
vides the fidelity and throughput needed for iterative thermal design of embedded DWPT
electronics.

The third contribution is an automated thermal validation framework spanning SROI
file generation from Altium PCB data and FLIR thermal imaging with thermocouple cali-
bration. The SROI pipeline eliminates manual ROI placement for thermal imaging, enabling
reproducible component-level temperature extraction across multiple PCB designs. Dual-
environment testing in air and sand provides progressive validation, first in open air and then
under thermal conditions representative of roadway embedment, and the thermocouple-
calibrated FLIR measurement framework generates the training datasets required by the
FiLM-conditioned U-Net. By automating data acquisition and component-level temper-
ature extraction, this pipeline removes the scalability bottleneck that previously limited
thermal characterization to one board at a time—enabling the multi-board training data
that cross-design ML generalization requires.

The fourth contribution is a FiLM-conditioned U-Net thermal prediction model for
component-level temperature estimation from FLIR thermal images. Two training configu-
rations are evaluated: a three-board model in which DUT-Test is included in training with
an 80/20 component-level split, and a two-board model in which DUT-Test is excluded
entirely and evaluated as an unseen board. The two-board model achieves R2=0.963 and
MAE=1.63°C on mixed-PCB validation across DUT-1 and DUT-2, and R?=0.949 with
MAE=1.24°C on the unseen DUT-Test held-out board, demonstrating that a single model
trained on mixed-board data can predict component-level temperatures on both seen and
unseen designs. Initialization robustness testing across 10 random initializations confirms

low sensitivity to weight initialization: mean R?=0.952 and MAE=1.91°C with standard
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deviations of 0.22°C for MAE and 0.33°C for RMSE. Several design choices contribute
to this result: residual learning decouples prediction from the absolute temperature scale,
the 10-channel input separates spatial structure, temporal dynamics, and domain identity
into distinct representations, and domain augmentation with a differential learning rate
addresses the challenge of training on only two boards. Feature importance analysis reveals
that cross-design generalization relies predominantly on the temporal conditioning pathway
(Channel 7 and FiLM), with spatial feature channels contributing marginally in the current
two-board training set.

This approach addresses a practical gap in embedded DWPT thermal design: tra-
ditional FEM requires hours of setup per design iteration, and dense thermocouple in-
strumentation adds hardware cost with limited spatial coverage. The ML model produces
component-level thermal predictions from a single FLIR frame and the thermal state vector,
enabling fast thermal assessment during design iteration. The cross-design generalization
result is particularly relevant in iterative research programs with evolving design require-
ments, where several PCB designs undergo development in parallel, and the DUT-Test
unseen-board evaluation demonstrates prediction errors within 3°C MAFE—sufficient for

early-stage thermal screening.

5.2 Scope and Limitations

The framework presented in this thesis demonstrates the viability of ML-based thermal
prediction for embedded DWPT power electronics, but the current implementation operates
within specific constraints that define the scope of its validated applicability. The training
dataset comprises two PCB designs (DUT-1 and DUT-2) with DUT-Test evaluated as a
held-out board. Two training boards provide sufficient spatial diversity to demonstrate
cross-design generalization but constrain the breadth of component types, board sizes, and
power densities the model has encountered. The framework is designed to scale: each addi-
tional board tested through the Chapter 3 pipeline adds training data without architectural
modification, and the feature importance results suggest that spatial channel contributions

will strengthen as the training set grows.
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The current model requires a FLIR thermal camera image as its primary spatial input,
limiting deployment to laboratory environments with IR camera access. Similarly, ground-
truth training labels rely on thermocouple instrumentation of the test boards. These re-
quirements are inherent to the supervised learning approach and are addressed by the dual
split-encoder architecture proposed in Section 5.4, which targets prototype-free prediction
from design data alone. The SROI pipeline that generates training data expects PCB com-
ponent locations in the Altium Pick&Place fabrication output format. Boards designed
in other EDA tools would require format conversion or pipeline adaptation to produce
equivalent coordinate data.

Embedded thermal validation uses sand as the embedding medium. Sand provides a
cost-effective surrogate for roadway thermal boundary conditions and matches the ther-
mal conductivity range of common pavement materials, but testing in epoxy, concrete, or
composite embedments has not been performed. Different embedding media will produce
different steady-state temperature distributions and transient dynamics.

The model’s operating-point coverage is limited to the power levels represented in the
training data. Extrapolation to power levels substantially outside the training range—
particularly at higher power densities—has not been validated and would benefit from
additional testing at expanded operating conditions. Each of these constraints represents a
bounded scope rather than a fundamental limitation of the framework. The architecture,
pipeline, and methodology are designed to accommodate expanded data, additional board
designs, and alternative testing conditions as they become available.

A related limitation concerns operating point coverage. Each PCB was tested and train-
ing data collected at a single operating point—a specific power level, switching condition,
and thermal boundary configuration. The model has not been validated for generalization
to different operating points of the same PCB design, such as partial load, varying switch-
ing frequency, or different utilization duty cycles. For DWPT systems, pulsed utilization
means that component temperatures during service depend on duty cycle and vehicle speed.

Thermal behavior at 30% utilization may differ substantially from the training condition.
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Engineers applying this framework to boards with variable operating conditions should
treat the training operating point as a specific characterization point until multi-condition

validation is completed.

5.3 Practical Design Recommendations

The methods developed in Chapters 2-4 combine into a staged workflow for evalu-
ating and improving the thermal performance of embedded DWPT power electronics—
particularly for systems not originally designed for the embedded thermal environment.
The following steps describe the recommended design flow, from initial loss characteriza-

tion through iterative ML-assisted layout optimization.

1. Characterize component losses under pulsed utilization. Use the variable-
speed simulation framework (Chapter 2) to compute per-component losses across the
expected range of vehicle speeds and pad configurations. Compare the pulsed loss
profiles against continuous full-load ratings to identify the overrating margin—the
gap between the rated component envelope and the actual thermal loading under
roadway utilization. This step establishes that the system can be derated and defines

the design space for properly rated operation.

2. Prototype the PCB and test in air and sand environments. Fabricate the
PCB with thermocouple instrumentation on critical components and test using the
automated SROI pipeline and FLIR/thermocouple methodology (Chapter 3). Air
testing verifies baseline thermal behavior; sand testing provides embedded thermal
boundary conditions representative of roadway deployment. The SROI pipeline au-
tomates ROI placement and component-level temperature extraction, producing the

training datasets that feed the ML model.

3. Apply the trained ML model for rapid thermal screening. Use the FiLM-

conditioned U-Net (Chapter 4) to predict component-level temperatures across the full
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board from FLIR image inputs. The model identifies thermally at-risk components—
those approaching or exceeding their rated temperature limits—without requiring per-
design FEM setup. For boards represented in the training set, predictions achieve sub-
2°C MAE; for unseen designs, held-out predictions provide screening-level accuracy

sufficient to flag critical components.

4. Iterate the PCB layout based on thermal screening results. Relocate hot-spot
components, adjust copper pours and thermal via patterns, and modify component
spacing to improve thermal margins. Re-screen each layout revision with the ML
model to verify that modifications produce the intended thermal improvement. This
iteration cycle operates on the timescale of minutes per evaluation rather than the

days to weeks required for FEM re-setup, enabling fast design convergence.

5. Validate critical components with targeted FEM or physical testing. For
components identified as thermally marginal during ML screening, perform targeted
ANSYS Icepak analysis or additional physical testing to confirm thermal margins at
full geometric fidelity. This step provides final design confidence for the components
that matter most, while the ML screening in step 3 ensures that only the critical

few—rather than the entire board—require detailed validation.

This workflow exploits the complementary strengths of each method: simulation pro-
vides system-level loss context, the automated pipeline produces training data at scale, and
the ML model enables fast iteration. The result is a thermal design process in which compo-
nent ratings reflect actual embedded operating conditions rather than worst-case continuous
assumptions.

Design speed and reliability are complementary objectives in this framework, not com-
peting ones. Faster iteration is one benefit, but it is not the primary motivation. The
central reliability benefit is thermal margin quantification: the framework enables engi-
neers to determine the actual margin for each component before a board is committed to

roadway deployment. Conservative overrating alone cannot provide this—it substitutes a
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cost penalty for a safety margin without quantifying that margin. A board may still fail
if the overrating assumption was incorrect for the specific embedded boundary condition.
Accurate thermal prediction converts an unknown margin into a measured one, enabling
designs that are reliably validated and appropriately sized. The speed benefit compounds
this: one thermal evaluation takes minutes rather than weeks, allowing engineers to explore

more design variants and converge on a reliable design before fabrication.

5.4 Future Work

Expanded PCB testing represents the most immediate path to improving the ML ther-
mal prediction model. Undergraduate and graduate students at USU are currently working
towards testing additional PCB designs from ongoing DWPT research, and each new de-
sign adds training data to the FiLM model. Increasing the number and diversity of PCB
topologies in the training set will improve prediction accuracy and extend cross-design gen-
eralization across a wider range of power electronics architectures.

Physics-based thermal modeling offers a complementary approach to the data-driven
ML methods presented in Chapter 4. Application of thermo-dynamics modeling techniques—
such as model-order-reduced thermal networks derived from FEM—could be combined with
the U-Net predictions to provide physically grounded constraints on the learned model.
This hybrid approach would leverage the speed of ML inference while maintaining the in-
terpretability and extrapolation capability of physics-based models.

Removing the FLIR camera requirement is a priority for practical deployment of the ML
prediction framework. The current model requires a thermal image as input, which limits
its use to laboratory environments with IR camera access. Future work aims to replace the
spatial FLIR input with sparse thermocouple measurements as the primary input, enabling
thermal field reconstruction from a small number of contact sensors. This would extend the
prediction capability to field-deployed systems where IR imaging is impractical.

A longer-term architectural direction is a dual split-encoder design that removes the
prototype requirement entirely, as shown in Fig. 5.1. One encoder branch accepts a power

dissipation map constructed from component datasheets, operating-point calculations, and a
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lookup table built from initial FLIR steady-state tests on representative PCBs with relevant
components. This branch learns to predict the expected thermal transient within air for
each component, producing a proxy thermal image analogous to the air-test FLIR frames
used in the current pipeline.

The second encoder branch processes a 3D representation of the PCB copper layers ex-
tracted from fabrication outputs (Gerber or ODB++ files), masked to indicate the presence
or absence of copper at each spatial location. Both encoder branches feed into a shared
FiLM-conditioned decoder—architecturally similar to the current model—that fuses the
power-dissipation and copper-geometry features into a proxy thermal image. This proxy
image then serves as the input to the existing trained model, which predicts component-
level temperatures within an embedded material. By decoupling the model from physical
FLIR measurements, this architecture would enable thermal screening during the design

phase, before a prototype exists, substantially reducing design iteration cost.

5.4.1 Operating Point Parametrization

The current model implicitly encodes a single operating point in each training board’s
thermal statistics. Extending the framework to predict across multiple operating conditions
would require the operating point as an explicit model input—for example, a normalized
power-level scalar or duty-cycle vector appended to the thermal state vector. Training
across multiple operating points per board, with domain augmentation spanning the uti-
lization space, would allow a single model to cover the full range of conditions relevant to
pulsed DWPT operation. Physics-informed normalization of the input channels by pre-
dicted steady-state temperature could further reduce distribution shift between conditions,

improving generalization without proportional increases in training data requirements.

5.4.2 Parameterized RC Thermal Model Calibration
The RC lumped-parameter thermal model presented in Chapter 2 was constructed
using material properties from component datasheets and published literature values; no

calibration against the measured thermocouple records was performed. A structured param-
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Fig. 5.1: Proposed dual split-encoder architecture for prototype-free thermal prediction.
The power dissipation encoder and copper geometry encoder feed into a shared FiLM-
conditioned decoder to produce proxy thermal images.

eter sweep—varying the thermal interface paste conductivity, the convective heat transfer
coefficient at the resistor and heatsink surfaces, and the sand thermal conductivity and spe-
cific heat for the buried test configuration—against the experimental thermocouple records
would identify the best-fit parameter set for each test environment. This calibration would
quantify the model’s sensitivity to each input and establish confidence bounds on temper-

ature predictions derived from the RC circuit framework.

5.4.3 Broader Application Domains

The thermal prediction framework is not specific to roadway DWPT; the SROI pipeline,
FLIR imaging protocol, and FiLM-conditioned model architecture apply to any application
where thermal imaging and thermocouple ground-truth can be acquired during a qualifica-

tion test. Three application domains are particularly direct extensions. Data center power
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electronics—server power supply units, voltage regulators, and bus converters operating in
both air-cooled and liquid-cooled rack environments—present an analogous problem: dense
PCBs with heterogeneous components, difficult-to-instrument hot spots, and tight thermal
budgets. Aerospace and space power converters in conduction-cooled channel assemblies
present an even more constrained cooling environment, where the consequence of thermal
design errors is higher and FEM per-design turnaround is equally impractical under concur-
rent development schedules. For each of these domains, extending the framework requires
new training boards tested in representative thermal environments; the pipeline and model

architecture require no modification.

5.4.4 Integration with Physics-of-Failure Reliability Analysis

The thermal profiles measured during framework validation provide a component-level
characterization of actual temperatures under representative operating conditions. These
measured profiles could serve as inputs to reliability analysis tools such as Ansys Sherlock
for newly designed PCBs that incorporate the same components. Rather than relying on
datasheet worst-case assumptions, a designer could apply the measured thermal profile of
each component as a starting-point boundary condition in a Sherlock analysis. This provides
a field-validated thermal baseline, improving the accuracy of component-level lifetime and

fatigue predictions for new PCB designs before physical testing is conducted.

5.4.5 Real-Time Monitoring and Sparse-Sensor Augmentation

The model’s fast inference enables two distinct real-time deployment scenarios. In the
first, a FLIR camera streams thermal images of the DUT during laboratory qualification
testing, and the model produces component-level temperature predictions in near-real-time.
A technician can monitor thermal hot spots across all components simultaneously without
waiting for post-processing, reducing the risk of missing a thermal failure during qualifi-
cation. In the second scenario—suited to PCBs deployed in the field—a small number of
thermocouples placed at the thermally critical points of the PCB replace the FLIR camera

as the primary data source. These measurements would be incorporated into the thermal
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state vector as additional conditioning inputs, allowing the model to produce a full spa-
tial prediction from point measurements alone. This architecture reduces instrumentation
cost for in-service health monitoring, where a full FLIR camera is impractical but a few

thermocouples embedded alongside the PCB are feasible.

5.4.6 Conservative Prediction Bias for Reliability-Oriented Design

The current model is trained with a symmetric loss function that treats over-prediction
and under-prediction equivalently. This produces near-zero systematic bias across the train-
ing distribution. For reliability-critical applications, an engineer may prefer predictions that
systematically err toward higher temperatures, ensuring that thermal margins are never un-
derestimated. Two approaches are proposed. The simpler applies a user-selectable positive
offset to all component temperature predictions: Tionservative = T+ kopagr. Here k is
a conservatism factor based on the required reliability confidence level, and onag is the
per-board prediction uncertainty from the initialization robustness evaluation.

This offset can be applied without retraining, and the conservatism level is adjustable
independently for each design decision. A more fundamental approach would retrain the
model with an asymmetric loss function that penalizes under-predictions more heavily than
over-predictions. Candidate formulations include a modified Huber loss with asymmetric
thresholds or a quantile regression loss targeting the 90th percentile of the prediction dis-
tribution. This embeds conservatism directly into the model’s learned behavior, producing
predictions that serve as a reliable upper bound rather than a best-estimate mean.

The current model also has practical limitations that constrain its prediction accuracy.
The dominance of Channel 7 (log-normalized time) in the feature importance analysis sug-
gests that the spatial encoder has not yet learned to exploit the spatial feature channels
fully, likely because two training boards provide insufficient spatial diversity. Expanding
the training set with additional PCB designs at various operating points would strengthen
the spatial channels’ contribution and improve unseen-board generalization. The model
also requires operation at specific power levels represented in the training data; extending

coverage to a wider range of operating conditions is needed for robust deployment across
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the range of power levels encountered in DWPT systems.

5.5 Conclusion

Full-scale roadway validation should extend the experimental results to longer roadway
sections and multi-module configurations under realistic conditions. These studies should
incorporate drive-cycle power profiles reflecting actual traffic patterns, pavement wear and
degradation effects on thermal boundary conditions, and weather exposure including sea-
sonal temperature variation and moisture infiltration. The combination of expanded ML
training data, physics-informed modeling, and field-scale testing will advance the embed-
ded DWPT framework toward deployment-ready thermal design tools. With additional
training boards and the proposed prototype-free prediction architecture, this framework
can deliver the thermal design confidence that first-generation embedded DWPT systems
have lacked—enabling component ratings sized to actual embedded conditions rather than
continuous full-load assumptions. By reducing the time and cost of thermal evaluation from
weeks of per-design engineering effort to minutes of ML screening, this work contributes to
making widespread roadway-embedded wireless charging infrastructure economically and

practically feasible.
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