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Abstract

Cameras often deviate from ideal image formation because of optical, sensor, and scene-dependent
physics. These deviations are usually treated as errors to suppress, but they can also provide useful
structure when modeled during reconstruction. This dissertation develops a unified measurement-
model perspective for computational imaging: a physical effect can be treated either as an encoding
to invert or as a nuisance to suppress, depending on the scene properties the system aims to
recover. Across spectral and thermal imaging, this perspective enables practical cameras to recover
richer scene information from measurements that would otherwise appear noisy, ambiguous, or
inconsistent.

First, we study hyperspectral imaging, where light must be distributed across many wavelength
channels. This creates a photon-efficiency trade-off among spectral resolution, spatial resolution,
acquisition time, and noise. Two systems address this trade-off in complementary ways. HyperCol-
orization uses a dense grayscale guide image to propagate sparse spectral measurements, exploiting
the high photon efficiency of broadband grayscale imaging while recovering dense spectra. Spectrum
from Defocus instead uses longitudinal chromatic aberration as an optical encoding: a focal stack
captured with simple refractive optics and a grayscale sensor provides wavelength-dependent blur
that can be calibrated and inverted. Together, these systems show how scene structure and optical
structure can reduce the cost of spectral imaging without relying on complex spectral hardware.

Later we study thermal imaging for novel view synthesis. Thermal cameras operate in darkness

and adverse visibility, but their measurements are not stable temperature images: they contain



drift, fixed-pattern noise, weak texture, limited dynamic range, and view-dependent reflection.
The first thermal system addresses the sensor-driven part of this problem by characterizing these
degradations across public multiview datasets, stabilizing thermal video before reconstruction, and
absorbing residual radiometric variation during Gaussian splatting. The second thermal system
treats view-dependent thermal appearance not only as an error source but also as a cue. By exploiting
the fact that emitted radiance 1s approximately view-stable while reflected radiance changes with
viewpoint, it decomposes reconstructed thermal scenes into temperature-correlated emission and
material-dependent reflection.

Across these systems, the same principle recurs: the role ot a physical effect 1s determined by
the reconstruction target. Chromatic aberration can be suppressed in a conventional RGB camera
or inverted as a spectral measurement; thermal reflection can be absorbed as nuisance variation or
estimated as scene content. By designing sensing models and reconstruction algorithms together,
this dissertation shows that practical cameras can turn structured deviations from ideal imaging into

physically meaningful measurements.
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Chapter 1

Introduction

1.1 Spectral imaging

Hyperspectral imaging (HSI) extends traditional color imaging by capturing detailed spectral
signatures across many narrow bands, rather than only the three broad RGB channels. These
bands can number 1n the hundreds, and can reach past the visible spectrum into the ultraviolet and
infrared. This richer spectral information is essential for applications that depend on subtle material
differences, including remote sensing for environmental monitoring [ 1], medical diagnostics [2],
food quality control [3], and industrial inspection [4].

A spectral camera measures radiance as a function of wavelength A. Let L(r, 1) denote the
spectral radiance delivered by the scene to pixel r, and let g4 (A1) denote the spectral sensitivity of

the camera’s k-th channel. In a simplified model, the measurement y; (r) recorded by this channel is

yi () = fA gk (DL (r, A) dd + i (1), (L1)

where A is the wavelength band measured by the sensor and 7, (r) is signal-independent noise, such

as read noise. The integral aggregates the spectral radiance weighted by the channel sensitivity
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over A, producing a single measurement for channel k at pixel r. RGB cameras use three broad
sensitivities g, whereas hyperspectral cameras use many narrower sensitivities to sample L(r, A)
more finely.

Finer spectral sampling comes at a photometric cost: at fixed exposure and aperture, dividing
the light across more channels reduces the expected photon count in each channel. Photon arrivals
follow a Poisson process, so a channel with expected count N, has variance N, [S]. This photon noise
differs from the additive term 7, in eq. (1.1): it is generated by the measurement itself and scales
with the signal. If a total photon budget N, is split evenly across C channels, then N. = Ny /C,

and the per-channel signal-to-noise ratio 1s

Nr;‘ NID[
SNR.. = = 4N, = . 1.2
VN C (1.2)

Equation (1.2) 1s an upper bound: read noise, dark current, and quantization add variance without
adding signal, while uneven spectral throughput makes the equal-split assumption optimistic [6].
The loss 1s even larger in systems that use spectral filters, dispersive elements, or coded apertures,
which block part of the incoming light and further reduce photon efficiency [7].

The first spectral system in this dissertation, discussed in chapter 3, reduces the penalty of eq. (1.2)
by using a dense grayscale guide 1image to propagate sparsely sampled spectral measurements.
This reduction is possible because the grayscale guide image has a single channel (C = 1) with

broad sensitivity over A; under matched optics and exposure, it integrates the full photon budget

and reaches SNR = /N at every pixel. The spectral measurements still pay the v/No/C price.
so they are collected only at a sparse set of pixels. For scanning acquisition under a fixed time
budget, this sparsity lets each retained sample integrate longer, raising SNR. by a factor of 1/ \/7 ;
where f € (0, 1] is the fraction of pixels at which spectra are sampled. The densification algorithm
assumes that neighboring pixels with similar grayscale intensities should also have similar spectral

responses in HSI [8]. This prior lets sparse spectral measurements propagate across image regions
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whose grayscale structure suggests similar material response.

The second spectral system in this dissertation, discussed in chapter 4, encodes wavelength
through defocus. Because the refractive index of a lens varies with wavelength, a simple lens focuses
different wavelengths at slightly different depths, a phenomenon known as longitudinal chromatic
aberration. Spectrum from Defocus (SfD) treats this aberration as an optical encoding. Using a
moving lens, StD captures a focal stack in which each frame brings a different wavelength into focus,
while wavelengths farther from the in-focus band produce larger blur. Because the blur for each
lens position and wavelength can be calibrated in advance, the focal stack can be computationally
inverted to recover the spectrum at every pixel. This encoding discards no light: with no spectral
filters, dispersive elements, or coded apertures in the optical path, each frame integrates the entire
spectrum. The prototype achieves state-ot-the-art hyperspectral imaging with only two oft-the-shelf

lenses, a grayscale sensor, and less than one second of reconstruction time [7].

1.2 Thermal imaging and novel view synthesis

Thermal cameras capture long-wavelength radiation, revealing structure that is often invisible to
RGB sensors. Their primary goal 1s to infer object temperature by measuring emitted infrared
radiation. This emission 1s governed by Planck’s law and is often modeled as blackbody radiation,
which describes the spectral distribution and intensity emitted by an idealized object that absorbs all
incident radiation. At terrestrial temperatures, much of this radiation lies in the long-wave infrared
band, making thermal cameras sensitive to temperature and material properties that are not directly
visible in RGB 1mages. As a result, thermal cameras can operate under conditions that challenge
visible-light imaging, such as darkness, fog, smoke, and dust. These capabilities make thermal
imaging valuable for autonomous driving [9, 10], environmental monitoring [11], infrastructure
inspection [12], robotics [13], and search-and-rescue [14].

The physical quantity recorded by a thermal camera is radiance reaching the sensor, not
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temperature itself. For real surfaces, this radiance depends not only on temperature but also on
material emissivity, reflected environmental radiation, and atmospheric effects. A surface with
emissivity €; € |0, 1] emits only a fraction of ideal blackbody radiance; for an opaque surface,
Kirchhoft’s law equates emissivity with absorptivity, so the remaining fraction | — €, of incident
radiation 1s reflected. Let r denote a pixel coordinate, so €;(r) and 7(r) are the emissivity and
temperature of the observed surface point, and let w denote the corresponding viewing direction. A

simplified spectral model for the radiance reaching the camera is
EE™(p, 71 [€a(r) BT (r)) + (1 — €2(r)) LS (r, w) | + LY™, (1.3)

where B, (T') is blackbody radiance at surface temperature 7', L™ is environmental radiance reflected
toward the camera, 7, 1s atmospheric transmission, and Li‘m 1s path radiance [15]. The blackbody

term 1s given by Planck’s law,

2hc? ]

5 o
: exp(ﬂfér) !

BA(T) = (1.4)

where £ 1s Planck’s constant, ¢ 1s the speed of light, and kp is Boltzmann’s constant. A thermal
sensor weights the camera-reaching radiance by its spectral response and integrates the result over

the long-wave infrared band,

y(x) = A (D)L (x, w) dA + (1), (1.5)

where Apwir 1s the long-wave infrared band, ¢g(A) is the spectral response of the camera, w 1s fixed
by the camera pose and pixel r, and 7(r) is signal-independent measurement noise, as in eq. (1.1).

Equation (1.5) models the sensor with a fixed spectral response ¢ (1) and signal-independent
noise 77(r), but uncooled thermal cameras violate both assumptions. Affordable thermal cameras

typically use microbolometers: tiny elements that convert absorbed heat into a measurable resistance
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change. Because a microbolometer responds to heat regardless of its source, its measurement
combines scene radiation with heat from the camera’s own housing [16]. As the camera warms during
operation, an unchanged scene can produce changing measurements, leading to slow radiometric
drift and rapid frame-to-frame photometric fluctuations [17]. Periodically closing a shutter and
re-zeroing the sensor suppresses these effects, but interrupts capture and only partially removes
them. Fabrication impertections also give each element a slightly different gain and offset, creating
spatially structured fixed-pattern noise [ 18, 19, 20]. These distortions are not well described by 7(r):
drift changes coherently over time, while fixed-pattern noise is tied to pixel location and therefore
does not average away like independent measurement noise.

These sensor nonidealities become especially damaging when thermal video 1s used for 3D
perception. Novel view synthesis (NVS) reconstructs scene geometry and appearance from posed
images, whose camera positions are known, and renders the scene from viewpoints that were never
photographed. A popular approach, 3D Gaussian Splatting (3DGS), represents the scene with an
explicit set of anisotropic 3D Gaussian primitives that can be rasterized in real time [21]. During
training, these primitives are projected into the input views and optimized so that the rendered
images match the captured ones. In RGB, this image-matching objective 1s usually well constrained
because textures are rich and repeated observations of the same scene point tend to be stable.

The 1mage-matching objective relies on an implicit photometric consistency assumption:

observations of the same scene point should agree across views,

Ii(mi(X)) = Ij(7;(X)), (1.6)

where X 18 a scene point, 7; 1ts projection into view i, and /; the image captured from that view.
Thermal video violates this assumption in two ways. Drift breaks temporal agreement, since

the same point can yield different readings in frames captured seconds apart. Reflection breaks

view consistency, since the mixture in eq. (1.3) changes with viewing direction. When these
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inconsistencies cannot be represented by the scene model, the optimizer may absorb them into
geometry, producing spurious floating primitives and unstable surfaces. The thermal signal is also
weak: terrestrial scenes often span only a few kelvin against a bright ambient background, yielding
low dynamic range and weak texture. This leaves tewer correspondence cues for reconstruction and
pose estimation. Paired RGB supervision can compensate, but dependence on visible light limits
applicability in the conditions where thermal sensing 1s most valuable.

The first thermal system in this dissertation, discussed in chapter 5, addresses the sensor side of
these violations. It first characterizes photometric stability, spatial frequency content, and effective
dynamic range across six public multiview thermal datasets, and finds that the degradations above
appear consistently across sensors, scenes, and capture setups. Because drift is slow and moves
whole frames at once, most of it can be removed before reconstruction: an invertible photometric
transformation aligns each frame to a temporally smooth reference and expands usable contrast,
while preserving a recoverable mapping to the original radiometric scale. The variation that survives
stabilization is absorbed during reconstruction by a Gaussian splatting variant in which per-frame
and per-Gaussian embeddings model residual radiometric changes that fixed per-Gaussian intensities
cannot represent. The combination achieves state-of-the-art pertormance across thermal-only novel
view synthesis benchmarks without dataset-specific tuning [17].

The second thermal system 1n this dissertation, discussed in chapter 6, decomposes reconstructed
thermal scenes into emitted and reflected radiance. It uses the multiview cue that emission is tied
to surface temperature and remains approximately view-stable, whereas reflection changes with
viewing direction. This decomposition makes thermal reconstructions more interpretable: the
emissive component better reflects temperature, while the reflective component reveals material
effects such as low emissivity and high infrared reflectance, as in glass and metals. The method
therefore turns the view-dependent violation of eq. (1.6) from an error source into a cue for separating

temperature-correlated appearance from material-dependent reflection [22, 23, 24, 25].
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1.3 A unified measurement model

The measurement models in eq. (1.1) and eq. (1.5) can be expressed as a two-stage forward model,

y = Ms(Ap(x)) + 1, (1.7)

where x contains the unknown values of a scene representation chosen before reconstruction, such
as a dense hyperspectral image or a thermal appearance field; y denotes the recorded measurements,
and 7 1s signal-independent noise, as betore. The encoding operator Ay describes the image
formation that 1s modeled and inverted, with calibrated parameters #. The nuisance operator Mg
describes structured deviations that are estimated, suppressed, or absorbed, but not interpreted as
scene content. When no structured deviation i1s modeled, Mg reduces to the identity; effects such as
drift and fixed-pattern noise instead require an explicit nuisance state s.

Because Ay and Mg are defined by their role in reconstruction, the placement of a physical
effect depends on the choice of x. If the effect couples the measurement to scene properties included
In X, 1t can be modeled as part of Ay and 1nverted as an encoding. It those properties are excluded
from x, the same effect is assigned to Mg and suppressed or absorbed instead. Thus, the boundary
between signal and nuisance 1s not fixed by the physics alone; it is selected by the reconstruction
target.

Chromatic aberration illustrates this role assignment. In a conventional RGB camera, spectral
detail 1s excluded from x, so chromatic aberration 1s treated as a distortion and suppressed through
achromatic optics or calibrated correction as part of M. In SfD, x includes the spectrum, so the
same aberration becomes part of Ay and 1s inverted as a spectral encoding. A similar reassignment
appears in the thermal systems. Chapter 5 excludes reflected environmental radiance from x and
absorbs its effects through stabilization and appearance modeling, whereas chapter 6 includes
reflected radiance in x and uses view dependence as a reconstruction cue.

Not every structured deviation 1s useful as an encoding. Some effects, such as radiometric drift
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and fixed-pattern noise, do not provide a calibrated coupling to recoverable scene properties. These
effects are assigned to Mg and suppressed or absorbed across all systems in this dissertation. Even
when an effect 1s scene-dependent, using it as an encoding requires calibration and a sufficiently
well-conditioned inverse problem. Conversely, assigning a scene-dependent effect to Mg treats it
as nuisance variation; any residual scene dependence must be absorbed by s or appear as model
mismatch.

Reconstruction estimates the scene properties and nuisance state by fitting the forward model to

the measurements,
X, S =argmin D(y, Ms(Ag(x))) + aR(x) + BS(s), (1.8)
X.S8

where D measures agreement between the model and the data, R and S encode prior knowledge
about the scene and nuisance state, and a and S are weighting parameters. Both types of prior appear
in the systems above: the neighboring-pixel assumption of chapter 3 i1s a scene prior R, while the
slow temporal evolution of drift in chapter 5 1s a nuisance prior §. These modeling choices give rise
to two pairs of research questions we will explore in the following chapters. The spectral chapters
ask how dense spectral information can be recovered without measuring a full spectrum at every
pixel. HyperColorization in chapter 3 studies whether a broadband guide can supply the spatial
structure needed to densify sparse spectral samples, making the reconstruction depend primarily
on a scene prior. SfD in chapter 4 takes a complementary approach by using chromatic aberration
to encode wavelength directly in the measurements. The thermal chapters ask which violations of
multiview consistency should be removed and which should be retained. Wild Thermal in chapter 5
treats sensor-driven fluctuations and residual radiometric variation as nuisance because they obscure
stable geometry and appearance. The reflection method in chapter 6 instead retains coherent view
dependence and asks whether it can separate approximately emissive and reflective components.

Table 1.1 summarizes how the four systems instantiate these questions through their reconstruction
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Table 1.1: Summary of how each system defines the reconstruction target x and assigns physical
effects to the encoding operator Ay, the nuisance operator M, or the scene prior R(x).

Physical effect System Target x Role Treatment

Chromatic aberration = RGB camera RGB 1mage M Suppressed or corrected

Chromatic aberration  SfD, Ch. 4 Dense spectral image Ay Inverted using calibrated

PSFs

Gray—spec. correlation HyperColorization, Ch. 3 Dense spectral image R(x) Used as a densification prior

Drift and fixed-pattern Thermal GS, Ch. 5 Geometry and thermal M Stabilized or absorbed

noise appearance

Thermal reflection Thermal GS. Ch. 5 Geometry and thermal M Absorbed as appearance

appearance variation

Thermal reflection Thermal decomposition, Geometry and thermal Ay Estimated as view-dependent

(N6 appearance radiance

targets and the roles assigned to physical effects. The table focuses on structured effects that can be
used as an encoding or a prior, or modeled as nuisance; stochastic noise terms such as shot noise are
instead handled by the data term, priors, or denoising.

Estimating scenes through explicit measurement models places these systems within computa-
tional imaging, in which the sensing system and the reconstruction algorithm are designed jointly.
Many computational imaging systems introduce the exploitable structure deliberately, using coded
apertures [26], diffractive optical elements [27], or optics learned jointly with the reconstruction
[28]. The systems 1n this dissertation instead exploit structure that practical cameras already provide,
replacing custom fabrication with calibration. All four reconstructions retain an explicit physical
model and use learned components only as regularizers, since purely data-driven reconstructions

risk hallucinating content in regions where the measurement provides weak constraints [29].

Relation to Previous Publications

This document includes work that has appeared 1n three prior publications:

8] M. Kerem Aydin, Qi1 Guo, and Emma Alexander. HyperColorization: propagating spa-

tially sparse noisy spectral clues for reconstructing hyperspectral images. Optics Express,
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32(7):10761-10776, 2024.

7] M. Kerem Aydin*, Yi-Chun Hung*, Jaclyn Pytlarz, Q1 Guo, and Emma Alexander. Spectrum
from Defocus: fast spectral imaging with chromatic focal stack. In IEEE/CVF Conference on

Computer Vision and Pattern Recognition (CVPR), 2026. (* equal contribution)

[17] M. Kerem Aydin, Vishwanath Saragadam, and Emma Alexander. Thermal is Always Wild:
characterizing and addressing challenges in thermal-only novel view synthesis. In IEEE/CVF

Conference on Computer Vision and Pattern Recognition (CVPR), 2026.

The hyperspectral colorization tframework ot chapter 3 was developed in [8], and the chapter
follows that publication, including the propagation algorithm, guided sampling, and dimensionality
estimation. Chapter 4 tollows [7], developed jointly with an equally contributing co-first author
in collaboration with Dolby Laboratories and Purdue University; the optical design, calibrated
forward model, and hardware prototype appear as published. Chapter 5 follows [17], developed in
collaboration with the University of California, Riverside, including the multiview thermal dataset
analysis, the photometric stabilization stage, and the benchmark comparisons. Chapter 6 presents
work that has not previously been published. The unified measurement model of section 1.3 does

not appear in any of these publications and was developed for this dissertation.
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Chapter 2

Related Work

This chapter reviews prior perspectives on the signal-nuisance boundary that this dissertation is
organized around. The central question 1s how an imaging system should treat structured deviations
from an 1deal 1image: as encodings to invert, nuisance variation to estimate or suppress, prior
structure to regularize reconstruction, or scene content to recover explicitly. This question appears
across computational imaging, inverse problems, and physically based vision, even when different
communities use different terminology. Application-specific related work on hyperspectral imaging,
thermal imaging, and novel view synthesis is reviewed within the corresponding system chapters;
this chapter focuses on the broader modeling strategies that connect them.

Computational imaging provides the broad foundation for this perspective. Rather than treating
the camera as a passive device that records an image, computational imaging designs sensing
and reconstruction together, so that the recorded measurement becomes useful through an explicit
forward model. One way to do this 1s to deliberately modulate the measurement: coded apertures
and light-field masks encode spatial and angular information [30, 31], coded exposure changes the
temporal integration process [32], phase masks reshape blur [33, 34], diffractive optics introduce
wavelength-dependent structure [35], and learned optical elements optimize sensing jointly with

reconstruction [36, 28]. Across these examples, optical blur, multiplexing, diffraction, or modulation
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is not merely a degradation; it 1s a calibrated transformation that makes otherwise inaccessible scene
properties observable through computation [37, 38]. The systems in this dissertation follow the
same model-based philosophy, but emphasize a complementary setting: they ask when structure
already present in practical cameras can be calibrated, inverted, suppressed, or reinterpreted.

Many imaging methods turn physical effects that are traditionally minimized into measurement
encodings. Defocus is a canonical example: although lens design and photography often try to
reduce blur, depth-from-defocus and focal-sweep methods use its spatial structure to infer geometry
or refocus the scene computationally [39, 40, 41, 42]. Similar reasoning appears in motion and
rolling-shutter imaging, where temporal integration or readout 1s treated as a cue rather than only
an artifact [32, 43, 44, 45]. Other modalities exploit polarization, diffraction, or lens aberrations
to make reflectance, depth, or spectral content observable [46, 47, 48, 49, 50]. The common
requirement 1s that the effect couples the measurement to the desired unknown in a predictable way.
When that coupling is calibrated and suthciently well conditioned, the effect can be placed inside
the forward model and inverted. When it is weak, ambiguous, or poorly calibrated, the same effect
1s more naturally treated as a distortion to reduce. This is the distinction formalized in section 1.3 by
the placement of physical effects in either Ay or M.

A complementary line of work makes inverse problems tractable through priors rather than
through additional optical encoding. When the measurements do not uniquely determine the desired
scene, reconstruction must restrict the space of plausible explanations. Classical examples include
sparsity and dictionary models [51, 52], smoothness and edge-aware regularization [53, 54], and
low-rank structure in high-dimensional signals such as spectra 355, 56]. Patch-based methods and
learned denoisers encode stronger image statistics [57, 58], while implicit neural representations
provide architectural priors for continuous signals and radiance fields [59, 60]. Plug-and-play
methods make this separation explicit by pairing a physical data-consistency term with a denoising
or restoration prior [61, 62, 63]. In the notation of eq. (1.8), these methods shape reconstruction

through R(x): they do not necessarily change what the camera measures, but they restrict the set of
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scene explanations considered plausible.

Not all structured variation should be interpreted as scene content. Another response is to
introduce auxiliary variables for effects that influence the measurement but are not the desired
reconstruction target. In classical imaging, these variables include unknown blur kernels in blind
deconvolution [64, 65], camera response curves, vignetting, exposure, or gain in photometric
calibration [66, 67, 68], and spatially varying sensor response in nonuniformity correction [20].
In multiview reconstruction, analogous auxiliary variables appear as pose refinements [69, 70|
or per-image appearance codes that absorb exposure, illumination, or style variation [71, 72, 73].
The inverse-problem literature formalizes related variable splits through nuisance parameters [74/],
separable inverse problems and variable projection [75], and blind calibration or bilinear inverse
problems [76]. These auxiliary variables may have direct physical interpretations, such as gain
fields or response curves, or they may be flexible latent codes that absorb residual variation [77]. In
the unified model, these approaches correspond to estimating or regularizing the nuisance state s
in Ms: the variation is modeled because it affects the data, but it is not interpreted as the scene
property of interest.

A different strategy is to enlarge the reconstruction target so that variation previously treated as
nuisance becomes scene content. Intrinsic image decomposition makes this move by separating image
intensity into reflectance and shading [78, 79, 80]. Inverse rendering extends the idea by estimating
geometry, materials, lighting, and view-dependent appearance as part of the scene description [81,
82]. Reflection-separation and layer-decomposition methods similarly avoid forcing all observations
into a single texture by representing the image as a composition of multiple components |83, 84,
85, 86]. More generally, component-separation methods decompose observations into layers or
sources by assigning difterent structures or priors to different components, rather than explaining all
variation with a single latent image [87, 88]. These approaches change the meaning of the inverse
problem: instead of asking reconstruction to remove illumination, reflectance, or view dependence,

they include those quantities in x and estimate them explicitly. This idea 1s especially relevant when
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the separated components have physical meaning, such as material reflectance, incident illumination,
emitted radiance, or reflected environmental radiance. In thermal imaging, for example, directional
emissivity and reflected long-wave infrared radiation can make the same surface appear different
across viewpoints, but that variation can also reveal material properties and surrounding radiance
when modeled explicitly [22, 25, 24]. Expanding x therefore moves information from the nuisance
side of the model to the scene side, but only when the resulting decomposition is identifiable enough
to be useful.

These threads show that the boundary between signal and nuisance is a recurring modeling choice
rather than a fixed property of the sensor. Computational imaging uses structured measurements
as encodings; regularized inverse problems use priors to select plausible scene explanations; self-
calibration and nuisance modeling estimate structured variation without treating it as scene content;
and inverse rendering expands the scene representation to explain variation directly. The contribution
of the framework in section 1.3 1s to place these decisions in a common language. The chapters that
follow instantiate different choices of x, Ay, M, and the associated priors, showing how the same
physical phenomenon can be suppressed, absorbed, inverted, or reconstructed depending on the

imaging task.
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Chapter 3

Sparsity and Spectral Priors:

HyperColorization

3.1 Introduction

This chapter introduces HyperColorization (HC), a hyperspectral reconstruction method for hybrid
camera systems that combine a dense grayscale guide image with a sparse set of spectral measurements.
The goal is to recover a dense hyperspectral datacube without measuring a full spectrum at every
pixel. Instead of treating spatial resolution, spectral resolution, and acquisition time as a fixed
hardware trade-oft, HC samples spectra only at selected spatial locations and uses the grayscale
image to guide spectral densification. This makes the method useful for scanner-based systems,
where sampling fewer spatial locations can increase exposure time per spectral sample, and for
hybrid computational imagers, where sparse spectral measurements can be post-processed into
dense hyperspectral reconstructions [89, 90)].

In the unified model of section 1.3, the reconstruction target x 1s the dense hyperspectral
image, while the measurements consist of sparse spectral clues and a dense grayscale guide. The

grayscale 1image does not directly provide the missing spectra. Instead, it defines a scene prior
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R(x): neighboring pixels with similar grayscale intensities are encouraged to have similar spectral
responses. The sparse spectral samples provide data consistency at measured locations, while
grayscale affinity, low-rank spectral structure, and edge-aware averaging regularize the unmeasured
pixels. Shot noise and measurement noise are theretore not interpreted as scene content; they are
mitigated through longer exposure on fewer spectral samples, projection into a learned spectral
subspace, and averaging of nearby clues before propagation.

HC draws inspiration from the colorization-by-optimization method of Levin et al. [91], which
propagates user-provided RGB color scribbles across a grayscale image. We extend the underlying
assumption from RGB colorization to hyperspectral imaging: if two neighboring pixels have similar
intensities in a grayscale guide image, then their spectral responses, within or beyond the visible
spectrum, are likely to be similar. Unlike RGB colorization, however, hyperspectral images do not
have a fixed luminance—chrominance color space. HC therefore propagates measured spectral clues
directly, rebalances brightness using the grayscale guide, and can perform propagation in a learned
low-rank spectral basis for improved robustness to noise.

The key prior behind HC 1s that grayscale structure is informative about spectral structure.
Figure 3.2 tests this assumption by comparing grayscale intensity difterences between neighboring
pixels to spectral differences between their corresponding hyperspectral vectors. The correlation is
strongest when the grayscale guide and target spectra share the same wavelength range, but remains
informative even when the target includes near-infrared bands. This supports the use of a grayscale
guide 1image as a reconstruction prior for spectral densification.

This chapter makes the tollowing contributions:

* Development of an optimization-based hyperspectral colorization method that densifies sparse

spectral measurements using a grayscale guide image.

* Introduction of a learned-subspace formulation that improves robustness to noise and enables

the reconstruction dimensionality to be estimated from noisy spectral samples.

* Design of grayscale-image-guided sampling methods for whisk and push broom scanners,
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Figure 3.1: HyperColorization simplified pipeline with an example image from [92]. We use
a grayscale image to guide a whisk/push broom scanner or a computational imager to collect
spatially sparse spectral samples. These noisy samples are used to estimate the best coloriza-

tion dimension. We show spatially uniform sampling at a rate of 3%, but observe additional
performance gains from image-guided sampling. Finally, the sparse samples are densified us-

Ing an optimization-based spectral sample propagation algorithm. The code is available at
https://github.com/NUBIVlab/HyperColorization and includes demos, documentation of each figure,

and spectral results for every pixel in each image shown.

together with edge-aware spectral clue averaging for improved propagation.

* Analysis of the trade-off between the number of spectral measurements and the exposure time

per measurement under a fixed time budget.

3.2 Method

The method below implements the prior-driven reconstruction described in the introduction. The

sparse spectral samples constrain the recovered datacube at measured locations, while the grayscale
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Gray Difference vs. Spectral Difference Between Neighboring Pixels on a Natural Scene
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Figure 3.2: Luminance differences between neighboring pixels carry information about spectral
differences. The absolute difference between values on grayscale guide images (simulated by

summing across visible spectral channels) 1s correlated with the L1 distance between their spectra.
This correlation 1s strongest in (a), where the spectral differences are taken along the same wavelength

range as the guide image. The relationship weakens in (b) where spectral bands not included in the
guide 1mage are considered, and 1s weaker still in (¢) where there 1s no spectral overlap between the

guide image’s spectral bands and our target spectral bands. Data shown here are drawn from the
dustbin and bulb images of the ICVL dataset [93] which includes 519 bands from 390 to 1043 nm.

guide defines affinities that regularize how spectral information propagates to unmeasured pixels.

In the notation of eq. (1.8), the data term enforces agreement with measured spectra, and the

grayscale-affinity and low-rank assumptions act through R(x).

3.2.1 Hyperspectral colorization using optimization

Our color propagation algorithm 1s based on the assumption that neighboring pixels that have similar
intensities have a high probability of sharing similar spectral responses. Our premise is directly
analogous to the assumption of Levin et al. in [91], where they postulate that nearby pixels with
similar gray levels should possess similar RGB colors. In Levin’s work, color propagation was
performed specifically on the U and V channels of the YUV color space. This deliberate choice
allowed the propagation of colors while preserving the original luminance information encoded
in the Y channel. However, perception-driven hyperspectral and multispectral color spaces are
comparatively underdeveloped, limiting generalizability to HSIs. We show in Figure 3.2 that

grayscale guide images generated by summing across spectral channels in the visible range meet
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this assumption for HSIs, even when the target spectra include or consist entirely of near-infrared
bands. The correlation of gray-level differences between neighboring guide-image pixels and the
L1 distance between their spectra in Fig. 3.2a (correlation: 0.99) confirms that grayscale guide
images are informative for visible spectra. The strong correlations obtained when the target spectra
extend into the near-infrared range (400-1100 nm in Fig. 3.2b with correlation 0.97) or contain only
near-infrared bands (700-1100 nm in Fig. 3.2¢ with correlation 0.78) suggest that the method is
robust to the spectral range used to generate the guide image.

Our algorithm requires a grayscale guide image G € R™*" aligned with a spatially sparse
data cube M € R™"X! that contains measured spectral clues. The cube M retains the full spatial
dimensions of GG, but contains nonzero spectral vectors only at measured pixels. In the case of hybrid
camera systems, data in M 1s collected by the spectral camera and G 1s captured by a grayscale
camera. To simulate the measurement process, we sample spectral vectors from an HSI to obtain M,
and we average the channels that are in the visible range to obtain G. We use bold r and s to indicate
2D pixel coordinates; therefore, M (r) and M (s) represent /[-dimensional vectors. To propagate

spectral clues, we minimize the criterion described below separately over all spectral channels:

ZSEN(I‘) WI‘.SH(Sa 1)
ZSEN{r) Wrs

loss(H(:, 1)) = Z (K CH(r, ) _ M(r, ) 3.1)

r
We minimize this equation over H € R™ ™! which serves as the densified version of M. In the
equation above, N (r) represents the set of pixels in the b X b patch surrounding r as its neighbors,
where b = 3 for the results demonstrated in this paper. The value of « is 2 if M (r) contains a spectral
clue; otherwise, 1t 1s set to 1. Finally, wy 1s the weight that encodes the similarity between pixels r

and s in the grayscale image. We calculate w, ¢ using one of the affinity functions described in [91]:

_(G(r)-G(s))?
2
Wrs X € A (3.2)
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In Eq. 3.2, o7 is the variance in the patch surrounding r. If r and s have similar intensities in the
grayscale image G, then wy g should assume a higher value to enforce a similar spectral response

between the two pixels.

(a) G & M —-Eq. 1 (b) H—Eqg.1 (¢) Hscatea - EQ. 3

Figure 3.3: Luminance Adjustment. (a): Grayscale guide image, created by summing across
wavelengths, with red dots indicating the uniformly-spaced locations of spectral clues (shown over
2x2 pixels tor visibility). (b): Color propagation does not preserve luminance information on
hyperspectral images. (c): Renormalization of image (b) based on image (a) using Eq. 3.3 removes
these artifacts. Image from [55] contains 31 channels from 400 to 700 nm and has been projected to
RGB here for visualization.

Propagating spectral clues in this manner causes luminance information to be lost in the output,
as HSIs do not have a dedicated Y channel to preserve this information as in the YUV color space.
As a result, errors in overall brightness can arise across local patches in the image (Fig. 3.3b).
However, the relative intensities in spectral response vectors remain accurate, so the problem can be

fixed by normalizing the spectral vectors according to the grayscale image, using Eq. 3.3:

G(r)

Sg(A
Zr ‘H(I'j *’1)‘ ' SEEJ;

H.a‘crufe'd(r-r fl) =1 ' H(rq /l) (33)

Here, « is a calibration factor that aligns the radiometric scales of the grayscale and spectral cameras
and is taken as 1 throughout this chapter, while S (A1) and S (A) are their normalized spectral
response functions. This equation assumes a linear relationship between the L1 norm of the spectral
vector and the intensity of the grayscale image. Fig. 3.3a shows the simulated guide image that
1s used to renormalize the original reconstruction in panel b (31 channels projected to RGB for

visualization), producing the corrected reconstruction result shown in panel c.
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Traditional methods like bilateral or edge-aware filtering are popular for handling noisy images.
However, applying a bilateral filter after color propagation is ineffective because propagation spreads
each spectral sample across a large area, creating spatially consistent noise. Instead, a better approach
1S to average spatially close spectral samples betore color propagation. We perform this averaging

with edge-aware filtering to prevent color bleed:

1=
M‘!‘IE’J"E ,/1 —_ ‘M ,;’l + —_— s M ,.rl . 3‘4
piterea(®, ) = ¢ - M(r, ) + s ;{) (5.4) (3.4)

Here, € [0, 1] is the blurred result of Canny edge detection on the grayscale image with a
normalized Gaussian filter; it acts as a weight parameter that captures the spatial proximity of r to
an edge, and N (r) is the neighborhood of spectral measurements in the vicinity of r, which includes
the nearest |N(r)| pixels. We use a 21 x 21-pixel neighborhood and a 31 x 31 Gaussian kernel with

variance 11.

3.2.2 Hyperspectral colorization in a learned subspace

It 1s well known that the collection of distinct spectral responses in a natural image occupies a
low-rank space, and there are many approaches to representing HSIs using low-dimensional models
194, 95, 55, 96]. Following the results of Chakrabarti et al. in [S5] and Lee et al. in [96], we treat a
hyperspectral image as a 2D matrix, H™/, where r is the number of pixels and / is the dimension of
the spectral vector of each pixel. By applying singular value decomposition (SVD), we can extract
[ singular vectors that span R’. Fig. 3.4 displays the singular vectors corresponding to the most
significant singular values learned from the CAVE dataset [97]. Treating these singular vectors as
an orthonormal basis, we can project our hyperspectral image onto the top p < [ vectors, eftectively
reducing the number of channels. This compressed representation of the hyperspectral data can be
viewed as a learned color space, and we will show that the HyperColorization algorithm can work

without loss of fidelity in the low-dimensional space, given that a proper value for p is chosen.
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Figure 3.4: Singular vectors corresponding to the largest 6 singular values learned from the CAVE
dataset [97] and their RGB projections for coefficients from -15 to +15. Note that RGB channels
have been allowed to saturate.

In the presence of noise, the choice of dimensionality p of HyperColorization becomes critical to
performance. By propagating spectral clues in a lower dimension, we not only reduce computational
costs but also remove noise components that are orthogonal to the subspace spanned by the selected
vectors, thereby increasing the signal-to-noise ratio (SNR). However, 1t p 1s chosen too small,
singular vectors will underfit the data and cause a drop in HyperColorization accuracy. On the other
hand, if p 1s chosen to be too large, the projection may “overfit” to the measurement, preserving shot
noise. The optimal reconstruction dimensionality depends on the intrinsic dimensionality of the
scene and the level of noise present. Accurately estimating this dimensionality before colorization is
crucial.

To estimate the optimal reconstruction dimensionality, we have devised a method that leverages
noisy spectral samples and our basis vectors. As depicted in Fig. 3.5, we make the following
observations: (1) As the noise levels increase, the minimum variance of projections onto our learned
color channels also tends to increase. (2) The location of the ‘elbow’ points, as defined in [98],
oradually shifts towards lower dimensions with greater noise. Both phenomena can be attributed
to the approximately white spectral characteristics of Poisson noise, which distribute noise power
evenly across dimensions. These two teatures (minimum and elbow point of explained variance
curve) can be used to predict the reconstruction dimension of highest performance.

In Fig. 3.6, we performed a grid search to determine the best colorization dimensionality at each
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Exposure Time vs. Spectral Projection Variances
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Figure 3.5: The relationship between noise level and the projection of hyperspectral clues onto our
learned basis. The elbow location and vertical offset of these curves vary with noise and can be

used to predict the highest-performing reconstruction dimensionality.

exposure time over the image from [92] shown 1n Fig. 3.1. To quantitfy reconstruction quality, we
used Earth mover’s distance (EMD) because, compared with the other quality metrics also shown
in Fig. 3.6, it offered two advantages. First, it scaled more linearly with the log of exposure time,
avoiding abrupt transitions and plateaus (compare purple lines across subfigures). Second, it retained
spectral diversity even under extreme noise (compare S vs. 2 basis vectors at the lowest exposure
time). Generalizing from this example, we trained a second-order polynomial regression model
to predict the best-EMD reconstruction dimension using the CAVE dataset [97]. The predicted
dimensionality 1s shown in blue and repeated across subfigures.

Fig. 3.7 illustrates the effects of reconstruction dimensionality on samples with a simulated
exposure time of 40us per pixel. A high-dimensional reconstruction (27D, shown in yellow) overfits
to the noise spikes seen in the measurement (dotted black) while a low-dimensional reconstruction
(3D, shown in magenta) underfits the data and excessively smooths the spectra. The correct
dimension (9D, shown 1n blue) more closely matches the ground truth spectra (solid black). The
selected dimension is specific to the scene, noise level, and learned basis; it does not specity the

number of spectral channels the camera should measure.
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Comparison Between the Actual Best Dimensionality and Our Estimation
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Figure 3.6: Reconstruction error across metrics, exposure times, and reconstruction dimensions for
the sample Bear & Fruit image. (a) We propose EMD as a useful metric for hyperspectral quality
due to the well-behaved purple curve. Generalizing to the full CAVE dataset, we can approximately
predict (blue) this curve using the features described in Fig. 3.5. (b) Other error metrics show
sudden jumps and plateaus in their best-performing dimension, and suggest very low dimensions at

short exposure times.
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Figure 3.7: The impact of reconstruction dimension with 1% sampling ratio. In this example,

3-dimensional reconstruction underfits to the data, while 27-dimensional reconstruction overfits
to noise. The optimal reconstruction dimensionality 1s 9. Image [92] contains 31 visible bands,

projected onto RGB for visualization.

3.2.3 Grayscale guided sampling for push and whisk broom cameras

Images of natural scenes often feature large patches with low-frequency brightness changes and
consistent color spectra, alongside localized image patches with high-frequency spatial details
and more diverse color spectra. When a grayscale image of the scene is available before spectral

sampling, spatial sampling patterns can be adapted to prioritize high-variance patches.
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During color propagation, spectral samples are competing to fill the surrounding region. When
the sampling algorithm is uniform, the distance between the samples i1s equal, ensuring a fair
competition between the samples. If our sampling algorithm does not preserve this uniformity as
much as possible, some samples may overflow their true extent by not getting challenged by other
samples. Consequently, segmentation-based sampling algorithms, such as the one discussed in [89],
are not well-suited for our color propagation algorithm.

Our adaptive sampling algorithm considers the diversity of gray levels and local spatial features
to determine whether a local patch in the image 1s rich in spectral characteristics. For uniform
sampling with a push broom scanner, we regularly sample every n = 1/(sampling rate) row, giving
equal weight to each row. In contrast, our adaptive sampling method for push broom scanners
assigns a weight to each row based on two features. The first feature 1s the number of unique gray
levels close by in the reduced-bit-depth representation of the grayscale image. The second feature 1s
the number of ‘good features to track’ [99] in the vicinity in the grayscale image. We scale and
normalize these features so that the minimum value i1s approximately 0.1 and the mean is 1. Finally,
we combine the features using weighted averaging. As we traverse the image, we accumulate the
weight and take a measurement when the value surpasses the threshold of n. Weights are adjusted

according to:

fsampiing < @ - I'(# Good Features to Track) + (1 — @) - I'(# Unique Gray Levels),

where I'(x) :=n(0.1 +0.9 * — min(x)

max(x) — min(x) (39)

X

) = mean(x)

with @ = .7 for the results reported in this chapter based on a grid search. Figure 3.8a shows a
posterized guide image with weights shown in panel b and guided sample locations in ¢. The
insets in Fig. 3.8d show an example location where guided sampling leads to a more accurate

reconstruction compared to uniform sampling.
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Figure 3.8: Guided sampling improves performance. (a) A posterized guide image from [92] is
shown with line-by-line scores for the features that guide sampling (b). (¢) Our adaptive algorithm
adjusts the sampling ratio so that the regions expected to have higher color diversity have a higher
sample density. (d) An example 1nset where uniform sampling fails to capture enough spectral
samples to colorize accurately. A 31-channel datacube 1s projected onto RGB for visualization.

Table 3.1: Datasets used for simulations.

Dataset Spatial resolution Spectral channels Spectral range (nm)
Harvard [55] 1392 x 1040 31 420-720
KAIST [100] 2704 x 3376 31 420-720
Bear & Fruit [92] 2020 x 2020 31 400-700
CAVE [97] 512 x 512 31 400-700
ICVL [93] 1300 x 1392 519 390-1043

The adaptive sampling method for whisk broom scanners extends the algorithm for push broom
scanners. Once the rows for sampling are chosen, we assign weights to each pixel along those
selected rows based on the two features previously described. We accumulate the weights on each

pixel and take a measurement when it surpasses a threshold determined by the desired sampling rate.

3.3 Results

We tested our algorithm in simulation using the five datasets in Table 3.1, and assumed the Poisson-
Gaussian noise model when simulating the grayscale image and the HSI. Because these datasets

do not provide aligned grayscale captures, we synthesize the guide from the ground-truth HSI.
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Specifically, the value at each image pixel of the simulated grayscale image G (r) is

I .
GH(r) = — (Poissan (p e Z H(r, /l)) + Gaussian( u, 0'3)) : (3.6)
p -1 p

and the pixel value of the simulated HSI image H(r, 1) is
1
H(pr.1)= — (Poisson (p-t-H"(r,1)) + Gaussian(u, 0_2)) ; (3.7)
p &

where H*(r, A) is the HSI measurement from the dataset that we use as ground truth. The coefficient
p is the brightness adjustment factor, which we set to 9.6 x 107 photons per full grayscale range. This
approximately corresponds to the brightness level of an office setting [101] using a FLIR grayscale
camera [102]. The exposure time ¢ was set for each experiment. Finally, we set the parameters of
the Gaussian noise to be u = 0 and o = 0.1.

The metrics we report in our experiments include peak signal-to-noise ratio (PSNR), goodness
factor coethicient (GFC), spectral similarity value (SSV), and SSIM [103]. Additionally, we propose
using Earth mover’s distance (EMD) [104], also known as the Wasserstein distance, to compare
the ground-truth and reconstructed spectra at each pixel and average the resulting distances over
the image. This generalization of KL divergence provides a useful assessment of hyperspectral

accuracy, particularly when spatial reconstruction errors are negligible.

3.3.1 Sampling patterns

We conducted experiments using random, uniform, and guided sampling patterns for both push
and whisk broom scanners. Table 3.2 compares the performance of uniform and guided sampling

patterns at a fixed sampling ratio.
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Table 3.2: Effect of sampling pattern at 4% sampling on performance for the Harvard dataset [55]

Sampling type PSNRT SSV| GFCT EMD| x10° SSIM1
Uniform push broom 32,139 0.433 0.989 9.340 0.9681
Guided push broom 35.500 0.409 0.989 9.261 0.9662
Uniform whisk broom 37.895 0.358 0.992 6.789 0.9788
Guided whisk broom 38.457 0.352 0.992 6.607 0.9803

3.3.2 Imaging with a fixed time budget

When utilizing scanner-type imaging modalities within a limited timeframe, a balance must be
struck between the number of samples acquired and the exposure time per sample. Increasing the
sampling ratio improves the ability to capture finer details but leads to higher Poisson noise per
sample. This allows us to break the traditional trade-offs in these scanning modalities by lowering
noise on a subset of spectral samples and recovering spatial resolution through the guide image.
Table 3.3 shows the advantage of reconstructing HSIs from measurements at 10% of the pixels rather
than distributing the same total exposure time across all pixels. Conversely, reducing the number of
samples risks missing colored regions entirely. Our framework does not inherently determine the
optimal sampling ratio given a specific time budget and scene structure. However, based on insights
from our data, we provide a practical guideline, as depicted in Figure 3.9.

Examining Fig. 3.9 reveals that the best strategy 1s to lean towards capturing more samples at
the expense of having more shot noise per sample because our framework offers several tools to deal
with noise, including techniques like dimensionality reduction and edge-aware filtering. However,
it’s crucial to acknowledge a fundamental limitation: colors of regions that were never sampled
cannot be recovered. Undersampling an image 1s only justifiable when our primary interest lies
in preserving lower-frequency regions. The presence of the bulge at the lower end of the violin
plots indicates that, even in cases where the image 1s undersampled, most of its content remains

accurately colorized.
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Optimizing Sampling Ratio with a Fixed Time Budget

Sampling Ratio (%)
10.0 1.0 0.1 0.01

2.00
—— Mean Error - Raw Measurements

1.75 - —— Mean Error - Filtered Measurements
Raw Measurements
Filtered Measurements

1.50 -

1.249 1

1.00 -

EMD x10-%

0.75 1

0.50 1

0.25 -

0.00 | ' . ;
0.001 0.01 0.1 1.0

Exposure Time Per Pixel (ms)

Figure 3.9: HyperColorization has a per-image optimal sampling ratio and favors oversampling.
We show histograms of errors for a 400 x 400-pixel crop of the Bear & Fruit image [92] with a
total time budget of 5 seconds under guided whisk broom sampling. Notice that as our sampling
ratio (top x-axis) increases, our exposure time per pixel (bottom x-axis) decreases. Violin plots
represent the distribution of error across pixels. While the optimal sampling ratio varies from image
to image, spatial undersampling 1s a more serious problem than the increased photon noise due to
spatial oversampling.

3.3.3 Comparison to the state of the art

We compare HyperColorization to other hybrid camera systems, along with a snapshot technique.
Among the hybrid techniques, SASSI [89] and Cao et al. [90] utilize RGB cameras for guidance and
grayscale sensors with dispersing prisms for spectral sample collection. To 1solate the measurements
on the image sensor, SASSI employs spatial light modulators (SLLM) while Cao et al. use a static
mask. They later densify the collected spectral samples using their respective algorithms with the
guidance of the captured RGB 1mage.

HyperColorization 1s designed to density spectral samples from arbitrary imaging modalities.
Besides whisk and push broom scanners, our algorithm can be seamlessly integrated into hybrid
spectral imagers to enhance their color propagation accuracy. The results presented in Table 3.3
demonstrate that HyperColorization outperforms the spatial densification algorithms employed

by SASSI and Cao et al. while maintaining a lower computational cost compared to Cao et al.



44

Table 3.3: Comparison of HyperColorization to classic and hybrid camera systems using 21 images
selected from Harvard, KAIST and CAVE datasets.

Total Exposure Time (s) 103 103 Ave, Run Snmpling
Metric PSNRT EMD)] SSIMT PSNRT EMD] SSIMT Kl {5) Ratio ()
Push broom sensor (PB) 26.7 2.0c-1 0.53 6.94 3.le-1 0.029 0 100
PB + HyperColonzaton 40.6 6.35e-3 0.961 332 1.0e-2 (L8779 3.73 10
Cao et al. 39.7 8 0e-3 0.934 318 1.5e-2 0.823 13.91 3
SASSI 38.1 1.1e-2 0.940 344 1.4e-2 (.848 0.51 3
HyperColorization 410 6.2¢-3 0.955 359 8.7¢-3 0.946 3.97 3

HyperColorization boosts performance of traditional pushbroom sensors by allowing targeted
exposure of color samples, exceeding traditional spatial-spectral resolution tradeofts by allocating a
short time budget to a smaller number of pixels before recovering spatial detail with a grayscale
guide 1image. HyperColorization also outpertorms the spectral sample propagation techniques
introduced in hybrid approaches SASSI [89] and Cao et al. [90], with HyperColorization results
reported here under uniform whisk broom sampling.

Additionally, see Fig. 3.10 to compare reconstructions of hybrid architectures over two images from
Harvard and KAIST datasets over the visible band; and see Fig. 3.11 to compare reconstructions

over two images from the ICVL dataset over visible and NIR bands. Finally, see Fig. 3.12 to compare

results on a color checker.
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Figure 3.10: Reconstruction results on example images in the visible range from Harvard [55] (top)
and KAIST [100] (bottom) datasets for two different noise levels simulating different exposure
times. We compare two hybrid-architecture methods, SASSI and Cao et al., using parameters set to
maximize PSNR (SASSI rank I, Cao et al. filter sizes 31 with spatial variance of 21 and spectral
variance of 0.03, set by grid search); nevertheless, the resulting reconstructions contain noisy and
desaturated spectra and spatial artifacts such as noise and pixelation (orange insets) or color blotches

and edge artifacts (blue insets).
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Figure 3.11: Reconstruction results of hybrid architectures over two example i1mages from the ICVL
dataset with 3% guided sampling. These examples have 519 channels in the visible and NIR ranges.
HyperColorization results are obtained by projecting the noisy images to the top 31 singular vectors
trained from the same 1images with guide images generated from the full spectral range including
NIR, conditions likely to provide an upper bound on HC performance at this task. Hyperparameters
of SASSI are left at their default values, and hyperparameters of Cao et al. are initialized to the
same values reported in Fig. 3.10. Noise suppression causes SASSI to lose saturation, while Cao et
al.’s results exhibit spatial artifacts.
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(a) Ground Truth Noisy Measurement HyperColorization (Ours) SASSI Cao et al.
PSNRT / EMD 23.68dB / 3.63e-2 34.32dB / 9.02e-3 34.67dB / 1.36e-2 33.33dB / 1.12e-2
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Figure 3.12: Comparison of hybrid camera systems on a 31-channel, 420-720 nm image of a color
checker from the KAIST dataset [100]. (a) Projections onto RGB show spatial noise reduction in
HyperColorization, with PSNR and EMD reported tor hyperspectral data over all pixels. (b) Spectra
from sample patches, showing noisy measurements in the yellow patch for Cao et al.’s method
because their algorithm does not modity the initial color samples. (c¢) These noisy locations are
visible across methods in the yellow patch inset. Spectral results across all patches are summarized
numerically in (d).
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Another important class of spectral imagers comprises snapshot cameras. We benchmarked our
technique against Choi et al. [100], who used a coded aperture snapshot spectral imager system.
With Choi et al.’s approach, the spectral image 1s reconstructed from a single image captured through
a dispersing prism and a coded aperture. The inverse problem solved by such cameras 1s highly
1ll-posed; however, snapshot cameras simplify the optical system and data collection process. For
Choi et al.’s method, reconstruction takes around 12 hours due to the difhiculty of the inversion,
significantly longer than the reconstruction times of the hybrid camera systems discussed above.
Fig. 3.13 shows an example comparison of HyperColorization and Choi et al., demonstrating our

sharper recovery of edges and texture while also obtaining more faithful spectral curves.

Spectral Response at Red Star

a— T
=— HyperColorization

PSNR: 34,72 PSNR: 43.05
EMQg71e-3 EMBy 4;3e-3

Chugi & &l

Intensity
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Figure 3.13: Comparison of Choi et al. [100] and HyperColorization (3% guided whisk broom
sampling, no noise added). HyperColorization reconstructs higher-quality HSIs with dramatically
less wall time (on the order of seconds vs. hours), but requires a more complicated optical system
that involves two cameras.

3.4 Conclusion

We presented HyperColorization, a hyperspectral imaging framework that reconstructs a dense
spectral datacube from sparse spectral clues and a dense grayscale guide 1image. The method
uses grayscale affinity to propagate spectral samples, learned low-rank spectral bases to improve
robustness to noise, and guided sampling to allocate measurements more effectively under a fixed
time budget. Together, these components allow scanner-based and hybrid spectral systems to reduce

the number of spectral measurements while recovering spatial detail from the guide image.
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Within the framework of section 1.3, HyperColorization is a prior-driven system. The missing
spectra are not recovered through a new optical encoding, but through assumptions about the scene:
neighboring pixels with similar grayscale intensities are encouraged to have similar spectra, and
natural spectra are assumed to lie near a low-dimensional subspace. The sparse spectral samples
provide data consistency, while grayscale affinity, learned spectral bases, and edge-aware averaging
regularize the reconstruction. This makes HyperColorization a complementary spectral-imaging
strategy to chapter 4: rather than turning an optical aberration into an encoding, it uses a dense

guide 1image and scene priors to densify sparse spectral measurements.
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Chapter 4

Chromatic aberration as encoding:

Spectrum from Defocus

4.1 Introduction

This chapter introduces Spectrum from Detocus (StD), a compact hyperspectral imaging system that
recovers dense spectra from a small stack of broadband grayscale images. Hyperspectral imaging
provides material and spectral information beyond RGB, but practical systems often trade spectral
resolution against acquisition time, photon efficiency, hardware complexity, or reconstruction
cost. StD targets this trade-oft with simple optics, few measurements, and a fast physics-based
reconstruction.

The key 1dea 1s to use longitudinal chromatic aberration as the spectral code. In a refractive
lens, different wavelengths focus at different axial positions. StD translates one lens through several
positions and captures a grayscale image at each position. Each frame integrates the full visible
spectrum, but with a different wavelength-dependent blur pattern. The spectrum at each pixel 1s
then recovered from its response across the calibrated chromatic focal stack.

In the notation of section 1.3, SfD 1s an encoding-driven system. The reconstruction target x 1s
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Figure 4.1: Spectrum from Defocus (SfD). Using two oft-the-shelf lenses and a grayscale sensor,
StD reconstructs a dense hyperspectral image from a small chromatic focal stack in under a second.

Longitudinal chromatic aberration brings a different wavelength into focus at each lens position,
so the spectrum at every pixel 1s encoded in wavelength-dependent defocus rather than measured

through spectral filters or dispersive optics. (a) The prototype: a fixed objective lens, a focusing
lens translated along the optical axis, and a grayscale sensor. (b) Reconstruction time versus number

of optical components for state-of-the-art spectral imagers, colored by PSNR; SfD (Ours) pairs
a small component count and sub-second runtime with high reconstruction quality. (¢) From a
measured focal stack of a book scene, our iterative algorithm recovers the hyperspectral image
(shown as an RGB projection with a zoomed inset) and accurate per-pixel spectra, closely matching
the ground-truth spectral response at the marked location.

the dense hyperspectral image, and the calibrated chromatic point spread functions define Agy. Thus,
an effect usually treated as optical degradation is placed inside the forward model and inverted. This
complements chapter 3, where missing spectra are recovered primarily through a guide-image prior
rather than through a new optical encoding.

The prototype uses two off-the-shelf lenses, a translating lens stage, and a grayscale sensor. A
one-time calibration measures the point spread functions for each wavelength and lens position.
The inverse algorithm combines this calibrated model with a low-rank spectral representation and
plug-and-play denoising, enabling sub-second hyperspectral reconstruction.

We evaluate SfD in simulation and with a hardware prototype. The results show high reconstruc-

tion quality relative to competing spectral imagers, while using simple optics and preserving the
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interpretability of a calibrated forward model. Real-scene experiments further show that chromatic
focal stacks provide a practical spectral encoding beyond idealized simulations.
This chapter makes the following contributions:
* A hyperspectral imaging system that uses longitudinal chromatic aberration as a calibrated
spectral encoding.
* A compact prototype built from two off-the-shelf lenses, a translating lens stage, and a
grayscale sensor.
* A fast reconstruction algorithm combining a measured PSF model, low-rank spectral repre-
sentation, and plug-and-play denoising.
* Simulation and hardware validation showing high-quality spectral reconstruction with simple

optics and sub-second runtime.

4.2 Related Work

The dissertation-wide related work 1n chapter 2 reviews computational i1maging, inverse problems,
priors, and the broader signal-nuisance distinction. This section focuses more narrowly on
hyperspectral imaging systems that motivate the design ot StD and define the comparison set used
in this chapter. The relevant design space i1s shaped by three coupled constraints: photon efficiency,
optical complexity, and reconstruction cost. SfD occupies a distinct point in this space by using a
simple refractive optical system, preserving most incident light, and shifting spectral separation into
a calibrated chromatic focal-stack inverse problem.

Sequential scanning methods acquire hyperspectral data cubes by measuring one slice of the
scene at a time. Band-pass filters and liquid crystal tunable filters capture one spectral band per
frame, while pushbroom systems capture one spatial row at a time and use dispersive optics to
spread that row into a spectrum [1035, 106, 107, 108]. These approaches can achieve high spectral

resolution, but they expose the basic photon and acquisition-time limitations of spectral imaging:
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each measurement uses only a fraction of the available spectral or spatial information, so dense
datacubes require many frames and are difficult to capture in dynamic or photon-limited scenes.
StD keeps the multi-frame structure of scanning systems, but changes what each frame measures.
Rather than isolating one band or one row, each grayscale frame integrates broadband light and
encodes wavelength through defocus.

Compressive hyperspectral imaging addresses acquisition time by optically multiplexing spectral
information before computational reconstruction. Coded Aperture Snapshot Spectral Imaging
(CASSI) introduced this strategy by combining coded apertures with dispersive optics, with
variants that encode spatial or joint spatial-spectral information [26, 109, 110]. Because the
captured measurements are highly multiplexed, reconstruction quality depends strongly on the
inverse algorithm. Classical methods use optimization with hand-crafted priors [26, 111, 56, 112],
while more recent methods use learning-based architectures or hybrid physics- and data-driven
reconstruction [113, 114, 115, 116, 117, 118, 100, 119, 120, 121, 122]. These systems demonstrate
the power ot coded spectral measurements, but they often require dispersive elements, coded masks,
large reconstruction problems, or data-driven priors whose behavior can be difficult to interpret. In
our experiments, Choi et al. [100] and MST [113] serve as representative CASSI-style baselines.

Another line of work designs specialized optical elements to create spectral encodings. Diffractive
optical elements and metasurfaces can be optimized jointly with computational reconstruction,
allowing compact spectral imagers with learned or engineered wavelength-dependent point spread
functions [48, 35, 123, 124, 125, 126]. Recent systems reduce hardware size by using a single DOE
or related element, but this compactness often comes with stronger optical artifacts and a greater
reliance on learned reconstruction [27, 127, 128]. SfD also uses wavelength-dependent PSFs, but
obtains them from the natural dispersion of standard lenses rather than from custom-fabricated
optics. This distinction 1s important for the framework of section 1.3: in SfD, chromatic aberration
1s not an unwanted residual of the hardware, but the calibrated operator Ay itself.

Recent compact spectral imagers illustrate different balances between optical encoding and
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computational decoding. Spectral DiffuserCam uses a diffuser and a spectral filter array to encode
high-frequency spatial and spectral information, then reconstructs the hyperspectral image with an
iterative inverse algorithm [129]. Spectral DefocusCam replaces the diffuser with an achromatic
lens and uses multiple defocused measurements, improving reconstruction quality while retaining
an interpretable forward model [130]. KRISM takes a different approach by optically measuring
spectral singular values, reducing reconstruction cost but requiring a more complex optical assembly
[131]. These systems are important comparisons because they show that compactness, photon
efhiciency, and computational efficiency are not automatically achieved together. StD targets this
intersection: it uses simple optics, a small number of broadband grayscale measurements, and a fast
physics-based reconstruction.

The closest conceptual relatives to StD are methods that use detocus, tocal sweep, or chromatic
aberration as useful image formation cues. Prior work has used spectrally varying blur to extend
depth of field, estimate depth, reduce chromatic artifacts, or support light-field and multispectral
imaging [49, 132, 133, 134]. Other methods have explored spectral reconstruction from focal stacks
or chromatic aberration, including sparse spectral recovery from PSF attenuation and full-image
reconstruction with learned or direct inverse models [135, 136, 137]. StD builds on this family
of 1deas but differs in its combination of calibrated broadband focal-stack measurements, photon-
efficient refractive optics, and a robust iterative algorithm. The result is a chromatic-aberration-based
spectral imager that reconstructs dense hyperspectral images with high fidelity even under realistic

photon noise.

4.3 Method

The method below 1nstantiates the encoding-driven case of the unified model in section 1.3. The
calibrated chromatic point spread functions define the operator Ay, while the focal stack provides

measurements of the scene under different wavelength-dependent blur kernels. The inverse problem
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Table 4.1: Comparison of SOTA hyperspectral imaging systems in terms of reconstruction
performance and computational and optical requirements. Reconstruction quality 18 benchmarked
on 30 images from the Harvard dataset [55] under bright 1llumination with a total exposure time of
5 seconds while accounting for optical-component eftects. Timings are reported for an NVIDIA
RTX A6000. The count of optical components includes lenses, apertures, prisms, actuators, SLMs,
and sensors, but not control electronics.

Reconstruction Performance Computation and Optics

Modality Category
PSNR(dB)T SSIMT SAM()] Compute Time FoV (") Opt. Components
Tunable Filter 4.78 0.08 70.10 0 N.A. 2 Spectral Filter
S.DiffuserCam [129] 15.59 0.46 34.98 > 15 mins 14 3 Spectral Filter
S.DefocusCam [130] 21.17 0.61 25.11 39 s 8 4 Spectral Filter
MST [113] 30.62 0.92 9.33 1.19 s 10 9 Dispersive Element
Chor et al. [100] 23.97 0.68 14.85 > 15 mins 10 9 Dispersive Element
KRISM [131] 29.40 0.91 6.91 0 : i 20 Dispersive Element
2inl Cameras [123] 20.11 0.87 8.72 1.74 s 9 4 DOE
Zhan et al. [137] 14.11 0.07 23.95 0.24 s 10 S Chromatic Aberration
Ours 30.81 0.92 7.35 0.64 s 10 4 Chromatic Aberration

estimates the dense spectral image by enforcing agreement with these measurements and by
regularizing the solution with low-rank spectral structure and a plug-and-play denoiser. Thus, unlike
chapter 3, which uses a guide image as a scene prior for sparse spectral samples, StD uses a physical
optical effect as the measurement encoding itself.

We aim to reconstruct a hyperspectral image X € R”WXC of the target scene using a focal
stack Y € REWXN \where H, W, and C represent the height, width, and number of channels of the
image, respectively. Since N < C grayscale images in the focal stack are captured by translating
the moving lens to different positions z; (more details 1n section 4.3.1), we can express the forward

model between X and Y as follows:

y=CHx=C| : - .. : |x (4.1)

Each block H; ; € RUUHK-D-(W+K=DxH-W {5 3 linear 2D convolutional matrix generated by a PSF

K(zi,4;) € RE*K “associated with the jth channel of X and wavelength Aj. The binary matrix
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C ¢ RVHWXN-(H+K=1)-(W+K=1) i ysed to crop the targeted region of the convolved result (i.e.,

HXx), ensuring the same pixel count between x and y. We vectorize the images X and Y, defining
x = vec(X) := [X!, ..., X ]" and y = vec(Y), where X; denotes the jth column of the matrix X.
Here, X; can also be interpreted as the jth channel of the hyperspectral image. Unless otherwise

specified, N = 5 1s assumed throughout.

4.3.1 System Design

(b) Wavelength 4;

Grayscale ..-........

Objective Lens Moving Lens Sensor PSFs

Lens Position

Figure 4.2: SfD imaging system and calibrated chromatic PSFs. (a) The prototype consists of a
hixed objective lens, a focusing lens translated along the optical axis to N positions z1,...,zy, and a
grayscale sensor. Each position z; brings one wavelength A; into focus while wavelengths farther
from A; appear increasingly blurred, so the captured images form a chromatic focal stack. (b) Point
spread functions measured during calibration at representative lens positions and wavelengths. The
wavelength-dependent blur encoded by these PSFs defines the forward model used for reconstruction.

As shown in Fig. 4.2a, the imaging system consists of an objective lens, a movable lens, and a
grayscale sensor. The objective lens and the camera remain fixed while the second lens is translated
to N positions along the optical axis, z1,--- , Zy, to capture the N images, forming a chromatic
focal stack. Each lens position z; 1s calibrated so that the corresponding wavelength A; 1s 1n focus, as
illustrated by the measured point spread functions (PSFs) in Fig. 4.2b. When the scene lies within
the system’s depth of field, the captured image I; contains sharp structures at wavelength A;, while
other wavelengths appear increasingly blurred as they deviate from A;. The total travel distance of

the moving lens, zy — z1, 1s small compared to the system'’s eftective focal length, so we assume the
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magnification of Iy, ..., Iy remains constant across the stack.

In the prototype, the two-lens design i1s chosen so that longitudinal chromatic aberration is
the dominant aberration. This 1s important because StD relies on axial chromatic focal shift as
its spectral encoding, while spherical aberration, lateral chromatic aberration, and oft-axis PSF
variation act primarily as model mismatch. The calibrated system therefore operates near the
optical axis and within a finite working depth, where the measured PSF stack provides an accurate

approximation to the forward model.

4.3.2 Inverse Algorithm

We solve the spectral image recovery problem with an iterative optimization that alternates between
inverting the physical forward model in eq. (4.1) and applying a data-driven regularizer. Specifically,
we modity plug-and-play ADMM [138] with two task-specific augmentations to improve robustness
and computational speed. First, we project spectra onto a limited number of principal components,
taking advantage of the low-rank statistics of natural visible spectra. Second, we separate the spatial
and frequency domain computations for fast matrix inversions.

We formulate a minimization problem in an eigenspace as follows:
. )
min EHy — CHPz||; + ©g¢(Pz), (4.2)
. 2

where @y (-) 1s an off-the-shelf deep-learning-based regularizer with parameters € [139]. The vector
z € RI"W™ where v represents the dimensionality of the selected eigenspace, is utilized to exploit
the fact that natural visible-range spectra primarily reside in a lower-dimensional space (i.e., x = Pz).
We define P = B! ® Iy, where the rows of B, shaped as R"*¢, form a spectral basis learned from
the Harvard dataset [55], as reported in [8]. The dataset contains 50 hyperspectral images of indoor
and outdoor scenes, sampled over 31 bands from 420 to 720 nm. We pool the per-pixel spectra,

compute their spectral covariance, and use its top v eigenvectors as the rows of B. Natural visible
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spectra are generally smooth and concentrated near a low-dimensional subspace, and we evaluate
this Harvard-derived basis on the separate KAIST and CAVE datasets. The matrix Izw and the
operator ® denote an identity matrix shaped as HW X HW and the Kronecker product, respectively.

The Alternating Direction Method of Multipliers (ADMM) solves an optimization problem
by creating separate copies of the unknown for terms that are easier to handle independently. It
alternates between optimizing these copies and reducing their disagreement until they converge to
a common solution. For eq. (4.2), this separates consistency with the measured focal stack from
the hyperspectral image prior. Plug-and-play ADMM implements the prior update with an image
denoiser rather than an explicit regularization function; see | 138] for a general derivation.

To adopt a plug-and-play ADMM, we transformed eq. (4.2) by introducing slack variables v and
u, and by using the change of variables H := HP:

|
min |y — Cv|l3 + @ (u)
o (4.3)
s.t. v=Hz, u=1z.

Following the ADMM derivation, we obtain algorithm 1 for solving eq. (4.3). Here, & and i denote

dual variables.

Algorithm 1 Plug-and-play ADMM lIterative Procedure

I: Given: up, ur > 0, and ¢g(-) as an oft-the-shelf deep learning denoiser.
2: Inmitialize: z) <~ 0.5-1,up <~ 05-1, &, «— 0,5 < 0

3: while not converged do

4 Vi — (C'C+ D)1 (Cly + 1 Hz; - §))

5. zip1 — (uiHH + poI) ™! (I:IT(;UIV:‘ +£)) +(n; + #2“:‘))
6: Uy PT¢'H (P(ZHI +!?f))

7: Eiv1 < &+ 1 (viy — Hziyy)
8.

9

: Miv1 < N + 2 — 2y )
- end while

Plug-and-play ADMM primarily consists of two main update steps: a primal variable update

(v, z, u) and a dual variable update (¢ and 7). In the primal update, v can be interpreted as a
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Figure 4.3: Simulated reconstruction examples. (a) Hyperspectral reconstructions from the
KAIST [100] and CAVE [97] datasets, illustrated with RGB projections, annotated with hyperspectral
PSNR. Insets highlight characteristic failures of each method, with comparison to ground truth. (b)
RGB projections and PSNR values under a low-exposure setting (2.9 s total exposure), where StD
has an even more significant advantage. (¢) Reconstructed spectra from the white arrow locations in
(a). The selected points cover a range of colors, with points 5 and 6 illustrating the importance of
spectral imaging with an RGB metamer. Note that MST and Spectral DefocusCam exhibit narrower

spectral coverage, due to their training/calibration data and forward models. Tunable filters and
Zhan et al. are omitted from this panel due to their high spectral noise.
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pseudo-measurement estimated from the true measurement y and the current update z;. An estimate
of a projected image z;, is then generated using a Wiener-like filter, (i H'H + uI)~!. Since this
estimate may contain noise, the proposed algorithm further applies an off-the-shelf deep learning
denoiser [139] ¢g(-) to suppress noise and enhance the result. We applied the denoiser after
converting z;1 back to the image domain, as the off-the-shelf denoiser was trained on data in the
hyperspectral image domain. In the dual update, £ and 5 are updated by evaluating the residual
of the constraints in eq. (4.3). By iteratively alternating between primal and dual updates, the
algorithm can heuristically converge to produce a projected image, which can then be used to recover
a hyperspectral image (1.e., X = Pz). Specifically, we declare convergence when the step size falls
below a fixed threshold or exceeds the previous step size scaled by a convergence check parameter.
Note that updating z requires inverting a large, non-diagonal matrix. Given the matrix’s large size,
computing its inverse directly 1s impractical. To overcome this challenge, we derived a fast matrix
inversion formula by leveraging the Block Circulant with Circulant Blocks (BCCB) structure of
submatrices in H. This fast inversion formula enables us to run the full algorithm with sub-second
reconstruction times. In implementation, this acceleration avoids explicitly constructing the full
inverse. Instead, the convolutional structure 1s evaluated with FFTs and small block-wise inversions.
which preserves the physics-based model while making the reconstruction practical at image scale.
As a final step, we correct for the spectral response curve of our grayscale camera and visible light

filter.

4.4 Experimental Results

We evaluate the performance of our method against several state-of-the-art methods in simulation
on three publicly available hyperspectral datasets [ 100, 97, 55], then demonstrate its real-world

performance with a hardware prototype.
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4.4.1 Simulation Settings

All modalities are simulated for the same total exposure time (1.e., number of exposures X duration
per exposure) so that snapshot and multi-exposure methods have equivalent acquisition time and total
photon budget. We assume a brightly lit condition (7.5 - 10" m™?s~! in the visible range) and ideal
cameras (negligible transition time between exposures and no quantization or readout noise). The
simulations include Poisson noise and account for the light efficiency of optical components. Unless
otherwise stated, the total exposure time 1s 5 seconds. We show 1n fig. 4.3b that the advantages of
our method are even stronger for lower total exposure times. With N = 35, the default protocol uses a
one-second exposure at each lens position; hardware capture also includes lens-translation overhead

between frames.

4.4.2 Simulation Results

As shown in table 4.1 and illustrated in fig. 4.3, SfD achieves the best PSNR and SSIM, and
second-best SAM across 9 methods. The performance of our method arises from its combination of
photon-efiicient optics and a physics-based reconstruction that remains stable under Poisson noise.

The spectral-filter-based modalities exhibit substantially lower spectral accuracy (see SAM 1n
table 4.1 and fig. 4.3c1-4), primarily due to their lower photon efhiciency. The reduced photon
efficiency leads to increased image noise or loss of high spatial frequencies from denoising (see
insets in fig. 4.3), and the degradation becomes more pronounced under limited exposure conditions
(see fig. 4.3b).

In contrast, dispersive modalities somewhat mitigate photon loss at the cost of a more complex
optical setup (see opt. components in table 4.1). This optical complexity leads to relatively lower
photon efficiency than StD, causing haziness and other color errors, particularly when the photon
budget is limited. Note that the purely data-driven MST method, despite its high performance in

table 4.1, exhibits severe hallucinations in the low-exposure case (see yellow/red pepper in fig. 4.3b).
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KRISM achieves the highest SAM performance by applying per-scene singular value decomposition
(SVD). However, its per-scene basis can introduce spectral bias, as the SVD optimization may favor
colors specific to each scene (see oversaturation in the inset and undersaturation in the low-exposure
image). The DOE-based 2inl Camera loses significant photons to its RGB filters, and its data-driven
model introduces haze and undersaturation for many scenes.

Chromatic-aberration-based modalities, including Zhan et al. and ours, offer greatly improved

photon efficiency. However, high photon efficiency does not guarantee robust reconstruction. In
particular, Zhan et al.’s method relies on naive inverse filtering, which becomes highly unstable
even under mild noise.

Our method produces SOTA hyperspectral results, with robust performance across scenes from
all datasets. Errors visible in RGB projections are rare, but see the inset for color bleeding into dark
regions. Small spectral errors can be seen in fig. 4.3¢, which shows that reconstructed spectra can be
slightly oversmoothed by our use of a low-rank hyperspectral representation. Importantly, our StD
hardware preserves nearly all incident light, enabling a robust reconstruction algorithm to perform
well even under low exposure conditions. Figure 4.3b shows a dramatic advantage to SfD 1n low
light levels, demonstrating that our physics-based iterative reconstruction produces sharp, accurate

results with minimal hallucination while still maintaining sub-second runtime.

4.4.3 Data Collection

Our prototype (see section 4.3) consists of a grayscale sensor and two 50 mm off-the-shelf lenses,
where the focusing lens 1s mounted on a linear stage. The two selected lenses make longitudinal
chromatic aberration the dominant aberration in our system. Our optical design has a depth of field
of 34 cm (2.64-2.98 m) and an axial chromatic focal shift of approximately 0.7 mm across the
visible spectrum, which we use as the primary source of spectral encoding.

We calibrated the system by imaging a point source at 2.8 m from the camera. The source was a
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Figure 4.4: Results from SfD prototype. (a) We show raw grayscale measurements from the
camera, samples from corresponding per-channel reconstruction results, and the aligned ground
truth for four real scenes. Az indicates the lens displacement relative to the initial position, and
sampled channels have an approximate bandwidth of 10 nm centered at the displayed wavelength.
The reconstructions demonstrate faithful recovery of both spatial details and spectral content. (b)
Reconstructed and ground truth spectral curves for each Macbeth color patch.

tungsten—halogen lamp covered by a 100 gm pinhole, viewed through a liquid crystal tunable filter

(LCTF). The filter spanned 440 — 720 nm 1n 10 nm steps, providing 29 spectral bands. At each of

five lens positions z;, we measured point spread functions K(z;, 4;) across all 29 bands (fig. 4.2b

shows representative examples). These measured PSFs are unrolled into our forward model H and
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used during reconstruction.

Ground-truth spectral images were captured using LCTFs, with the total exposure time slightly
adjusted to accommodate the scene’s dynamic range. A flat spectral target was used to correct
per-channel filter absorption. For all data, we consider a central crop of 800 X 800 pixels (9.7 deg
FOV) from the 1920 x 1200 image. All targets were placed 2.8 m from the camera unless otherwise

noted to minimize depth defocus. All code and data are available on our GitHub page.

4.4.4 Results on Real Data

Our StD camera produces sharp and accurate spectral reconstructions from blurry focal stacks and
exhibits high performance consistent with simulations. Figure 4.4a shows a subset of the collected
data and per-channel ground truth, reconstruction, and PSNR for four real scenes. Observe that a
variety of colorful objects are reproduced taithfully, both within each channel and 1n their collective
color recovery.

Note that, while nearly all channels on nearly all scenes produce high-quality reconstructions,
some channels of the pinwheel target (see 700 nm in fig. 4.4a) fail to reconstruct the full resolution
and contrast of the pattern. This is likely due to the difficulty in distinguishing true black regions
that have been brightened by defocused light from neighboring white pixels from gray regions.
This failure case could be mitigated with a sensor of higher dynamic range, using more than five
measurements, or by incorporating priors that favor target-like objects over natural scene statistics
(e.g., total variation in place of or in addition to the deep denoiser).

Figure 4.4b shows spectral reconstruction accuracy for all Macbeth ColorChecker patches. The
results show an average PSNR of 29.54 dB and a SAM of 7.42° (compare to 30.81 dB and 7.35° in
simulation from table 4.1). Note that color checkers provide challenging input to our method due to
their lack of natural texture, and that spectral errors are higher at longer wavelengths, where our

camera’s focal shift is less informative. This performance trend highlights the underlying working
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principle of SfD: stronger chromatic focal shifts yield better spectral separation, which in turn
improves reconstruction accuracy.

We show in fig. 4.5 the robustness of StD on RGB and spectral color recovery using the color
checker. Figure 4.5a demonstrates that additional measurements stabilize reconstruction, with an
effect that naturally saturates earlier on the lower-dimensional RGB reconstruction. The RGB and
hyperspectral reconstruction quality remains high within the expected depth range (white region in
fig. 4.5b). Outside this range, the reconstruction quality decreases steadily. Chromatic low-frequency
artifacts only begin to appear when the object depth approaches 2.35 m, approximately 29 cm
beyond the theoretical range. This demonstrates the robustness of StD 1n practice, even when the

working range assumption 1s mildly violated.

(a) (b)
12

39 45 29
o —
e O [
E N = Cry
> e &
0 0 0 | 0
1 9 280 265 250 235 220
# Measurements Distance from Camera (cm)

Figure 4.5: Robust Recovery. (a) Adding measurements improves reconstruction, with performance
saturating more quickly in RGB than in spectrum. AE 1s a standard color perception metric [140],
which we adopt here to evaluate RGB reconstruction quality. (b) StD pertorms robustly within and
somewhat beyond the predicted working range of 264-298 cm (dashed vertical line).

4.5 Conclusion

This chapter demonstrated Spectrum from Defocus (SfD), a hyperspectral imaging system that
reconstructs spectral images from chromatically aberrated focal stacks. The camera consists of two
oft-the-shelf lenses and a grayscale sensor, yet achieves state-of-the-art reconstruction quality and
sub-second computation with an interpretable physics-based iterative algorithm. Across simulations,

StD outperforms eight other methods spanning spectral filters, dispersive elements, diffractive
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optical elements, and chromatic focal stacking, paired with reconstruction algorithms ranging from
physical models to data-driven and hybrid approaches. The hardware prototype closely matches
simulation performance on real-world scenes, validating the central idea that chromatic focal shift
can serve as a practical spectral encoding.

Within the framework of section 1.3, SfD 1s an encoding-driven system. Longitudinal chromatic
aberration, which is usually treated as an optical nuisance, is instead placed in Ay and used as
the primary source of spectral information. The calibrated PSF stack provides an interpretable
forward model, while the low-rank spectral representation and plug-and-play denoiser regularize the
inverse problem without replacing the physical model. This makes StD complementary to chapter 3:
HyperColorization recovers missing spectra through a guide-image prior, whereas SfD recovers
spectra by inverting a calibrated optical encoding.

The proof-of-concept prototype also reveals several limitations. First, the current system
assumes scenes occupy a working range of 34 cm (with robustness beyond the theoretical prediction
demonstrated in fig. 4.5) and a narrow paraxial field of view (with comparable limitations for
many state-of-the-art methods in table 4.1). Expanding the working volume will require joint
optical and algorithmic design to ensure that spectral signals remain strong and recoverable across
a broader range of depths and field angles. Second, red and black regions experience slightly
lower reconstruction accuracy. This 1s partly because the chromatic focal shift flattens at longer
wavelengths, reducing spectral separability in the red portion of the spectrum, and partly because
limited dynamic range can cause dark regions to appear gray or falsely colored due to sensor
saturation and light bleed from neighboring bright pixels. These issues could be mitigated with
more dispersive optical materials, improved sensor dynamic range, additional measurements, or
priors better matched to high-contrast targets.

Finally, SfD currently requires multiple measurements to reconstruct a high-quality spectral
datacube. Because the reconstruction models incoming photons across all wavelengths, a spectral

reconstruction is required even when the final output is RGB. In practice, this means that five
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measurements are needed to produce high-quality RGB images. Reducing the effects of multi-shot
capture, using tools from burst photography [141, 142, 143] and greater reliance on data-driven
reconstruction, 1s an important direction for applying StfD to dynamic scenes. While the light
etficiency and robust reconstruction of StD are well suited to fast hyperspectral imaging, and
preliminary results at shorter exposure times suggest a significant advantage in photon-starved

settings (see fig. 4.3b), exploring this advantage further will require higher-fidelity noise models for

low-light images [144, 145].
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Chapter 5

Addressing Structured Nuisance:

Thermal is Always Wild

5.1 Introduction

This chapter studies thermal-only novel view synthesis (NVS): reconstructing scene geometry
and thermal appearance from posed long-wave infrared images, without paired RGB supervision.
Thermal cameras reveal structure that is often invisible to RGB sensors and operate in conditions
that challenge visible-light imaging, such as darkness, fog, and smoke. Extending thermal sensing
to NVS would enable 3D reconstruction in settings where visible-light cameras are unreliable or
unavailable.

NVS methods rely on multiview consistency: repeated observations of the same scene point
should provide stable appearance cues for recovering geometry and rendering novel views. This
assumption 1s much weaker in thermal imagery. Thermal frames lack the chromatic and textural
cues available in RGB, often occupy a narrow effective dynamic range, and exhibit sensor-induced
photometric variation across time. These properties destabilize correspondence estimation and can

produce geometric errors, radiometric artifacts, and high-frequency floaters.
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Figure 5.1: Our method overcomes significant challenges in thermal images. Thermal data
contain Iimited texture and lack multispectral cues, making correspondence estimation harder than
in RGB. They also exhibit sensor-specific degradations, including (a) frame-to-frame photometric
inconsistency from sensor heating, (b) softened transitions between hot and cold regions characteristic
of microbolometer sensors, (c¢) vignetting that produces viewpoint-dependent attenuation, and (d)
fixed-pattern noise visible as structured artifacts. Our method explicitly stabilizes the photometry
in (a), while the effects in (b—d) are mitigated in our state-of-the-art reconstructions (e) through
multiview consistency enabled by a novel embedding approach for learned appearance modeling.

Most prior thermal NVS methods avoid these dithiculties by relying on paired RGB—thermal
inputs [ 146, 147, 148, 149, 150, 151]. RGB provides stronger texture and more stable photometry
for geometry recovery, while thermal measurements are treated as an auxiliary appearance channel.
This dependence limits applicability in the low-visibility settings where thermal sensing 1s most
valuable, motivating reliable thermal-only NVS.

In the unified model of section 1.3, this chapter focuses on structured nuisance variation. The
reconstruction target x is the scene geometry and thermal appearance needed for novel view synthesis.
Frame-dependent photometric drift, radiometric fluctuations, vignetting, and fixed-pattern artifacts
are not part of this target; they are nuisance effects that must be suppressed, normalized, or absorbed
by the reconstruction model. This makes Wild Thermal complementary to the previous chapters:
chapter 3 relies on a guide-image prior, chapter 4 uses chromatic aberration as an optical encoding,
and this chapter addresses thermal sensor instability as nuisance structure.

We first analyze six public multiview thermal datasets and i1dentity recurring properties that
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challenge NVS: low effective dynamic range, reduced high-frequency content, frame-to-frame
photometric fluctuations, and slow radiometric drift. Guided by this analysis, we introduce a
lightweight preprocessing and Gaussian-splatting pipeline for thermal-only NVS. The preprocessing
stage stabilizes per-frame photometry and expands usable contrast, while the reconstruction stage
uses scalar thermal emission with per-frame and per-Gaussian embeddings to model residual
radiometric variation. Together, these components improve thermal-only NVS across diverse
datasets without dataset-specific tuning.
This chapter makes the following contributions:
* A characterization of multiview thermal datasets in terms of photometric stability, spatial-
frequency content, and effective dynamic range.
* An invertible preprocessing module that stabilizes frame-level radiometry and enhances usable
thermal contrast.
* A thermal-only Gaussian-splatting pipeline that models residual radiometric variation through
embedding-conditioned scalar emission.
» State-of-the-art thermal-only NVS performance across six public multiview thermal datasets

without dataset-specific tuning.

5.2 Related Work

This section focuses on prior work most directly related to thermal-only NVS. Broader background

on novel view synthesis, inverse problems, and appearance modeling is covered in chapter 2.

NVS under appearance variation. Standard NVS methods assume that repeated observations of
the same scene point provide consistent appearance cues. This assumption can fail in uncontrolled
captures, where illumination, exposure, weather, or camera response vary across images. NeRF-W

addresses this 1ssue with per-image appearance embeddings for in-the-wild photo collections [71],
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and later Gaussian-splatting methods extend similar ideas to explicit scene representations [72, 152,
153, 154, 73]. These methods motivate the appearance-modeling strategy used in this chapter, but
thermal imagery introduces a different source of variation: sensor-driven radiometric drift and low

effective contrast rather than RGB illumination or style changes.

RGB-thermal NVS. Most thermal NVS methods rely on paired RGB—thermal data to compensate
for the weak texture and unstable photometry of thermal images. In [147], the authors evaluate
strategies for integrating thermal inputs 1nto radiance-field pipelines and show that a separate
thermal branch improves reconstruction quality. ThermalNeRF [146] optimizes RGB and thermal
NeRFs with cross-modal density regularization, allowing RGB to guide geometry while preserving
thermal appearance. ThermoNeRF [148] similarly uses aligned RGB—thermal images to learn
density while predicting visible color and temperature through separate branches. Other work uses
thermal measurements to improve low-light reconstruction [ 149, 150], adapts Gaussian splatting
to RGB-thermal capture [151], or uses thermal cues in smoke-filled environments [155]. These
methods demonstrate the value of thermal sensing for NVS, but their dependence on RGB limits

their usefulness in the low-visibility settings where thermal cameras are most important.

Thermal-only NVS. Thermal-only NVS reconstructs geometry and appearance directly from
thermal imagery. This setting i1s harder because thermal frames often have low dynamic range,
weak high-frequency content, frame-dependent radiometric drift, and sensor artifacts. Thermal-
NeRF introduces intensity normalization and structural patch constraints for single-infrared-camera
reconstruction [156]. Thermal3D-GS adapts Gaussian splatting with physics-inspired thermal
modeling and temperature-consistency constraints [ 157]. Other recent methods explore emissive—
residual Gaussian decompositions [1358], degradation-aware radiance-field optimization [159],
physically motivated thermal rendering [160], and segmentation-based preprocessing for thermal

pose recovery [161]. These works show that thermal-only N'VS is feasible, but persistent radiometric
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instability and weak scene cues continue to limit reconstruction quality. This chapter addresses these
limitations by first characterizing the degradations present in public thermal datasets and then using

that analysis to design preprocessing and appearance modeling for thermal-only Gaussian splatting.

5.3 An Analysis of Multiview Thermal Datasets

Multiview thermal datasets display a range of sensor behaviors that differ from those commonly
encountered in RGB imagery. Because these characteristics influence how reliably an NVS pipeline
can interpret thermal observations, it is important to examine how they appear in real sequences
betore introducing a reconstruction method. In the framework of section 1.3, this analysis separates
weak scene signal from structured nuisance variation. Low texture and limited dynamic range reduce
the strength of the measured scene cues, while frame-dependent drift, photometric fluctuations,
fixed-pattern noise, and vignetting introduce nuisance structure that can be suppressed before
reconstruction or absorbed during optimization.

We analyze six publicly available multiview thermal datasets used across recent thermal NVS
studies: Lin et al. [146], Ye et al. [156], MVTYV [149], MSX [151], ThermalMix [147], and
TI-NSD [157]. These datasets differ in sensor type, acquisition protocol, and scene content, spanning
both uncooled microbolometers and cooled detectors, indoor and outdoor environments, and static
and mobile capture setups. This diversity allows us to separate dataset-specific artifacts from
properties that consistently appear across thermal imagery.

We characterize dataset behavior using three diagnostics that capture photometric stability,
spatial-frequency content, and eftective dynamic range. To assess radiometric stability, we measure
the relative change in mean intensity across frames,
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Figure 5.2: Photometric stabilization and contrast enhancement (a) An input thermal frame,
with less contrast and texture than the corresponding RGB 1image (b). Notice the photometric drift
when compared to the reference frame (c), which shows the same scene at a different time point. (d)
Our invertible enhancement reduces photometric inconsistency and improves image contrast. (e)
Temporal mean intensity across frames showing reduced radiometric drift after stabilization. (f)
Normalized spatial frequency spectrum with enhanced thermal data resembling RGB statistics. (g)
Our preprocessing expands the effective dynamic range of thermal images, shown with pixel intensity
distributions on a sample frame. (h) Improved structural consistency and stability, illustrated by an
elevated number of tracked SIFT features per frame.
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Figure 5.3: Dataset-level thermal characteristics. Diagnostics computed across the six multiview
thermal datasets, comparing thermal measurements to co-registered RGB where available. (a)
Radiometric stability, measured as the standard deviation of the per-frame percentage change
in mean intensity (A/l;). Thermal sequences (circles) show substantially larger fluctuations than
RGB (triangles), indicating exposure drift and sensor-heating effects. (b) Radially averaged power
spectra. Thermal tframes (solid) exhibit attenuated high-tfrequency content relative to RGB (dashed),
reflecting the microbolometer’s spatial smoothing.
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where u; 1s the mean pixel value of frame 7 and £ is the average intensity across the sequence. Large
fluctuations in A/; indicate exposure drift or sensor-heating effects that disrupt brightness constancy
and can destabilize correspondence estimation, often producing floater artifacts. Dataset-level trends
appear 1n fig. 5.3a. To analyze spatial-frequency characteristics, we compute radially averaged

power spectra,

| 2
S(N== 2, |F@W@»f (5.2)
(vl ) ll~f

which describe how image energy is distributed across frequencies. Higher frequencies correlate
with texture, sharp edges, and sensor noise. Across datasets, thermal frames exhibit attenuated
high-frequency responses due to the microbolometer’s smoothing behavior. This reduction in
spatial detail weakens geometric and photometric cues that NVS methods typically rely on for
stable multiview alignment. Dataset-wide frequency trends are summarized in fig. 5.3b. Finally,
we examine pixel-intensity histograms to evaluate effective dynamic range. Thermal images often
occupy a narrow portion of the available intensity space, leading to reduced contrast and weaker
optimization gradients. See fig. 5.2 for representative histogram behavior. Together, these diagnostics
highlight the radiometric and contrast-related characteristics that shape thermal multiview data and
identify the input properties that most challenge existing NVS pipelines.

In addition to these dominant trends, smaller artifacts such as vignetting and fixed-pattern
noise further complicate multiview consistency. The following section introduces a lightweight

preprocessing and splatting pipeline informed by these observations.

5.4 Method

Our approach consists of two components: a contrast-stabilizing preprocessing stage and an
adaptation of 3D Gaussian Splatting (3DGS) to the thermal domain. The preprocessing normalizes

temporal radiometry and enhances effective contrast, while the splatting stage models thermal
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Figure 5.4: Our pipeline. Given thermal frames and camera poses, we first stabilize the inputs
to ensure consistent training data across views (bottom). The frames are modeled with a novel
combination of per-Gaussian embeddings, which encode spatial appearance, per-frame embeddings,
which capture residual temporal artifacts, and a physics-restricted parameter set (grayscale with no
spherical harmonics) that stabilizes learning. These components jointly enable consistent thermal
reconstruction while preserving fine geometric and intensity details.

appearance using a scalar emission representation conditioned on per-frame and per-Gaussian
embeddings (Fig. 5.4).

The method follows directly from the nuisance characterization above. Photometric stabilization
suppresses frame-level radiometric variation before reconstruction, while the embedding-conditioned
emission model absorbs residual frame-dependent effects during optimization. The goal is to
recover stable scene geometry and thermal appearance without allowing sensor drift or photometric

transients to become scene content.

5.4.1 Photometric Stabilization & Enhancement

Thermal sequences exhibit frame-to-frame drift and low effective dynamic range (Sec. 5.3). We
address these effects using our two-step, monotonic transformation composed of sequential histogram
alignment and brightness-preserving bi-histogram equalization (BBHE).

Let I; denote the 7-th frame, and let x € [0, 1] denote a normalized pixel intensity. We maintain
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an exponentially averaged reference cumulative distribution function (CDF) F,
F(x) = (1 - a)F} (x) + aF, (x). (5.3)

where F; 18 the CDF of /; and « controls temporal smoothing. Each frame is stabilized by mapping

1ts distribution to the reference:

I[(x) = (1 = B)x + BF, (Fi(x)), (5.4)

with B € [0, 1] balancing identity and alignment. This step suppresses photometric drift while
adapting smoothly to gradual scene changes. We apply BBHE to I7, splitting the histogram at its

mean intensity 7/ and equalizing the lower and upper subranges independently:

{

) THx), X1,
I (x) = (5:3)

T (x), x>T'.
\

Because both operations are monotonic and one-to-one, the overall transformation 1s analytically

invertible and preserves a recoverable mapping to the original radiometric scale through a LUT. See

fig. 5.2 for examples of stabilized and contrast-enhanced frames.

5.4.2 Modeling “Wildness” for Thermal Learning

We adapt 3D Gaussian Splatting to thermal data by simplifying the emission model and incorporating
appearance embeddings to handle the residual inconsistencies observed after preprocessing. In
thermal imaging, emission is effectively isotropic and single-channel; therefore, instead of predicting
RGB colors with spherical harmonics, each 3D Gaussian stores a single scalar emission value. This
reduces the complexity of color modeling and aligns the model to the physics of thermal imaging,

but 1t also makes the reconstruction more sensitive to frame-dependent fluctuations.
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To address these residual inconsistencies, we adopt an embedding-based appearance formulation
following the “3DGS-in-the-Wild™ literature [72, 152, 153, 154, 73]. Each Gaussian and each frame
are assigned a small learnable embedding vector, efg ) and eff ), respectively, and a single lightweight

MLP shared across all Gaussians and frames maps each embedding pair to a scalar emission,
ci(t) = fﬁ(eﬁg)a Eff)), (5.6)

which allows the model to absorb smooth frame-dependent variations caused by microbolometer

heating, mild vignetting, or fixed-pattern noise without distorting the underlying geometry. These

emission values are then used in the usual 3DGS transmittance formulation,

Ii(r) = ) Tiaici0). (5.7)

where 7; denotes accumulated transmittance and «; the opacity of each Gaussian along the ray.

During inference, fixing the frame embedding produces temporally stable reconstructions while

leaving spatial detail unaffected.
As 1n recent RGB 3DGS algorithms, we use a background MLP to model rays not explained by

the foreground Gaussians [ 162, 154]. The rendered intensity blends foreground and background,
I(r) = (1= m(r)) [,(r) + m(r) by(d, e, (5.8)

where m(r) = exp(— 2, @;) is the residual transmittance along the ray.

We train the model with a weighted sum of L1 error, heat-aware structural similarity index

measure (SSIM) [156], and a background regularizer [162]:

L =0 L+ Lyssim + A3 L. (5.9)
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The term Lyssim emphasizes thermal contrast and structure, while £, discourages floaters

representing background regions.

5.5 Results

5.5.1 Implementation Details

Our system 1s implemented using the differentiable rasterization backend of GSplat [163], adapted
for single-channel thermal imagery. Each Gaussian stores a single emission coefficient without
spherical harmonics, and the emission MLP uses three hidden layers of width 128 with RelLU
activations followed by a linear output layer. We train with the Adam optimizer and weight decay,
using distinct learning rates for geometry, opacity, and appearance parameters. All scenes are
rendered at 1080p resolution; for quantitative evaluation, we crop and resize the outputs to match
the original sensor resolution for pixel-wise alignment with ground truth. Training runs for 30k
iterations on an NVIDIA RTX A6000 GPU without learning-rate scheduling. Gaussian centers
are 1nitialized from sparse COLMAP reconstructions, which recover stable but relatively sparse

geometry 1n thermal data.

5.5.2 Results and Comparison

We compare our method against both general-purpose and thermal-specific neural reconstruction
frameworks. As standard references, we include NeRF [164] and 3D Gaussian Splatting (3DGS) [21].
To assess performance against recent thermal pipelines, we evaluate the ThermalMix-TS variant [147],
derived from InstantNGP and designed for thermal sequences, and two cross-modal approaches,
Lin et al.’s ThermalNeRF [146] and ThermoNeRF [148]. Though the latter two originally rely on
RGB-thermal supervision, we disable their RGB branches and cross-modal regularization losses

to evaluate thermal-only performance. Finally, we include Thermal3D-GS [157], a thermal-only
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Table 5.1: Thermal-only NVS comparison across six multiview datasets. We report mean PSNR
and SSIM across all scenes for six publicly available datasets. Our analysis of dataset difficulty
predicts systematic trends in performance across methods. By designing a pipeline that addresses
thermal data challenges directly, we deliver state-of-the-art performance on thermal-only NVS.

. e
] 1 i il
wiss LN

MSX ThermalMix MVTV Lin et al. Ye et al. TINSD Training
PSNRt  SSIMe | PsnRr  ssiMe | PsnRe  ssiMe | PsnRr  ssiMe | PSRt ssiMt | PsnRr  sSIMa Ll
Nerf 18.76 0.62 20.12 0.71 19.74 | 0.72 19.56 1 0.67 25.08 0.81 26.99 0.89 30+ h
ThermalMix-TS iinstant-NGP) 19.84 0.82 20.67 18.17 0.70 20.81 0.73 22.34 0.81 25.72 0.91 44m
Lin et al* 17.31 0.68 16.53 0.70 15.39 | 0.75 19.73 0.85 20.17 0.83 23.23 0.87 93m
E ThermoNerf* 18.49 0.66 18.89 0.72 15.56 18.03 0.70 21.84 0.84 27.44 l 082 | s1m
E 3DGS 19.87** 0.63 20.37 0.72 15.51** 0.81 20.18 0.74 22.19 0.86 29.04 | 094 5m
Thermal3D-GS 22.28 0.64 23.99 0.77 22.79** 0.83 23.56 0.88 26.54 0.89 31.83 9m
Ours 23.59 0.71 24.61 0.74 25.13 0.84 26.37 0.78 28.10 0.92 32.94 | 094 11m

*Model has its RGB components removed.
**Excludes cases with convergence failure,

adaptation of Gaussian splatting that serves as the current state of the art. All methods are trained
with matching data splits and iteration counts on the same hardware to provide a consistent evaluation.
Quantitative results are summarized in table 5.1, and representative novel-view renders are shown in
figs. 5.1 and 5.5.

NeRF and ThermalMix-TS serve as baseline volumetric methods for thermal reconstruction.
Across all datasets in table 5.1, both models exhibit limited performance, with NeRF consistently
ranking among the lowest in PSNR and SSIM due to its reliance on high-frequency RGB cues
that are largely absent in thermal imagery. As shown in figs. 5.1 and 5.5, NeRF produces blurred
surfaces and washed-out edges on the MSX Building and MVTYV Mason scenes, and fails to recover
background temperature on the Generator example. ThermalMix-TS improves quantitative accuracy
slightly, benefiting from faster optimization and better edge localization, yet it remains susceptible
to noise and inconsistent global brightness. While its hash-based representation enhances sharpness
in small details, it also leads to unstable radiometric behavior across frames, producing artifacts
in video reconstructions. Overall, both methods reveal the inherent limitations ot RGB-oriented
volumetric frameworks when applied to thermal data.

Both Lin et al. and ThermoNeRF were originally designed as cross-modal methods that jointly
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Figure 5.5: Comparison to all methods. Representative novel views, PSNR (bottom left, dB),
and SSIM (bottom right) across datasets. Our method yields sharper boundaries and more stable
background temperature on challenging scenes (top rows), while maintaining competitive quality on
easier scenes (bottom rows).

Ground Truth Ours Thermal3D-GS
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Figure 5.6: Comparison to Thermal3D-GS. Despite competitive metrics (PSNR in dB at left,
SSIM at right), Thermal3D-GS exhibits significant failures in geometry and texture, while our
method recovers texture in the Human( window, tree, and smooth wall and faithfully reconstructs
the Lion paw shape.
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Thermal3D-GS

Distorted v

Frames

Figure 5.7: Photometric consistency promotes high-quality reconstruction. We render a smooth
camera path for our method (top) and Thermal3D-GS (bottom). Thermal3D-GS produces bright

floating structures that drift across frames and then assemble 1nto a copy of the photometrically
inconsistent training frame (right) when the viewpoint aligns. Our preprocessing and embedding-

conditioned emission model handle this outlier without introducing floaters, yielding stable geometry
throughout the trajectory.

leverage RGB and thermal supervision. In their original formulations, the RGB branch primarily
drives geometric reconstruction, while the thermal channel acts as an auxiliary modality that
paints radiometric information onto the recovered geometry and provides additional regularization.
When trained using thermal input alone, this coupling breaks down: both models lose geometric
consistency and fail to recover fine-scale texture, producing oversmoothed surfaces and flattened
temperature gradients. As shown in table 5.1, their overall performance drops sharply across all
datasets relative to thermal+RGB results previously reported in the literature. Qualitatively (fig. 5.5),
both methods achieve slightly better geometry than the baseline NeRF but still exhibit blurred edges
and weak contrast. In sequences with narrow-baseline training views, correspondence estimation
becomes unstable, often leading to ghosting and duplicate surface artifacts in video reconstructions.
These results demonstrate that cross-modal frameworks lose much of their effectiveness in a purely
thermal setting, underscoring the need for reconstruction models designed from the ground up for
thermal data.

Among Gaussian-splatting methods, standard 3DGS provides a strong geometry prior but
performs inconsistently on thermal data. As reflected in table 5.1, it achieves reasonable SSIM but

suffers from notable PSNR drops on ThermalMix and MVTYV, and fails to converge on challenging
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Table 5.2: Ablation study. We demonstrate that our preprocessing algorithm and “in-the-wild”
architecture (3DGS + Emission MLP) independently improve 3DGS performance, and combining
them yields superior results.

MSX- Ebike | T. Mix - Lion | MVTV - Human | Lin et al. - Sink | Ye et al. - Seq.1 | TINSD - Sitting Avg.

e PSNR SSIM [ PSNR SSIM | PSNR SSIM | PSNR SSIM |PSNR SSIM | PSNR SSIM | PSNR SSIM

3DGS (Baseline) 2045 086 | 1925 071 [2121 081 |2081 074 |2824 083 [2951 088 |2225 081
3DGS + Preprocessing | 22.79 0.86 |24.11 0.82 | 2201 084 |2371 078 [2990 085 |2242 085 |2301 083
3DGS + Emission MLP | 25.73 0.89 |24.17 0.82 | 2422 089 |2457 083 (3212 089 |2598 0.87 |2493 0.87
Ours 2597 0.92 | 2425 081 | 2618 090 | 2427 088 |3332 090 |30.01 087 |26.14 0.88

MSX Iron Ingot/Landscape and MVTV Tree scenes. These stability issues are visible in the
generator example of fig. 5.5, where the background collapses. Thermal3D-GS improves stability
through its ATF and TCM modules, yielding better numerical performance and generally sharper
reconstructions than 3DGS. However, as shown in fig. 5.6, the method fails to capture accurate
texture and geometry on scenes where we succeed, and does not converge on the MVTV Tree
scene. These failures may be because its ATF module, originally designed to model atmospheric
effects (and hence primarily attenuation of intensity), does not model the full variety of photometric
inconsistencies that are inherent to thermal images. When the sequence contains unusually bright
frames, Thermal3D-GS underfits them, causing those observations to reappear as floating artifacts
across a range of novel views. Figure 5.7 shows where a single photometrically inconsistent training
frame induces floaters that gradually assemble into an entire training viewpoint in Thermal3D-GS,
while our method remains stable. Our method avoids these failures not by modeling atmospheric
scattering, but by directly addressing the underlying issue: thermal sequences contain radiometric
fluctuations that require a representation with higher flexibility than ATF’s attenuation-based
formulation. By using photometrically stabilized inputs and an embedding-conditioned emission
model with greater expressiveness, our approach can represent both bright and dark observations
within a consistent radiometric space, preventing floaters and preserving geometry across views.
This advantage 1s consistent across datasets, where we obtain the best or second-best PSNR/SSIM

in table 5.1 while maintaining stable behavior even on the most challenging sequences. These
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differences are even clearer in the additional videos, where long camera paths reveal temporal
stability and the absence of floaters more clearly than still images. Although our per-scene training
time (~11 min) 1s slightly longer than 3DGS (5 min) and Thermal3D-GS (9 min), the improvement

in reconstruction fidelity and temporal stability represents a favorable quality—ethiciency trade-oft.

5.5.3 Ablation Study

As shown 1n table 5.2, our preprocessing and emission modeling provide complementary improve-
ments for thermal reconstruction. Preprocessing alone provides modest but consistent gains by
stabilizing frame-to-frame radiometric variation, improving average PSNR from 22.25 to 23.01 dB.
Our in-the-wild baseline, implemented with an emission MLP and embeddings, models residual
temporal artifacts that fixed Gaussian colors cannot capture, raising average PSNR to 24.93 dB.
Combining both components produces the best overall performance (26.14 dB / 0.88 SSIM), as
preprocessing also introduces stronger gradients that benefit the emission model. Improvements are
particularly strong on Human, Ebike, Lion, and Seq.1, while Sitting shows smaller gains due to the

already high quality of the baseline reconstruction.

5.6 Conclusion

This chapter presented a thermal-only NVS pipeline designed to address two persistent challenges
in thermal 1imagery: frame-to-frame photometric inconsistency and limited effective dynamic range.
The method combines an invertible photometric stabilization and contrast enhancement stage with a
thermal adaptation of 3D Gaussian Splatting. The preprocessing aligns each frame to a temporally
smooth reference distribution, producing stable and contrast-enhanced inputs for reconstruction.
The splatting model then uses scalar thermal emission, per-frame and per-Gaussian embeddings, and
a background-emission MLP to absorb residual radiometric variation. Together, these components

make thermal NVS feasible without RGB supervision and improve reconstruction stability across
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diverse public datasets.

Within the framework of section 1.3, Wild Thermal addresses structured nuisance variation.
The desired reconstruction target x 1s stable scene geometry and thermal appearance, while frame-
dependent drift, photometric fluctuations, vignetting, and residual sensor artifacts belong to M.
The preprocessing stage suppresses part of this nuisance variation before reconstruction, and the
embedding-conditioned emission model absorbs remaining variation without forcing it into geometry.
This makes the chapter complementary to chapter 4: SfD turns an optical aberration into an encoding
operator, whereas Wild Thermal prevents sensor instability from being interpreted as scene content.

Despite these advantages, several limitations remain. First, the photometric stabilization stage
operates offline and is not jointly optimized with reconstruction, suggesting future end-to-end
formulations that learn radiometric normalization and geometry together. Pose estimation also
remains a bottleneck, as tools such as COLMAP still underperform on stabilized thermal frames
compared to RGB. Developing more robust thermal-aware pose estimation methods 1s therefore an

important direction for future work.
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Chapter 6

Nuisance to Signal:

Thermal Emission—Reflection Decomposition

6.1 Introduction

Thermal reflections are both a source of ambiguity and a source of information. As described

by eq. (1.3), the radiance measured by a thermal camera contains surface emission together with

reflected environmental radiance:
L™ = 1y |&aBa(T) + (1 — ) LE™| + LA™ (6.1)

The first term 1s associated with surface temperature and emissivity, while the second depends on the
surrounding thermal environment. For low-emissivity materials, such as glass and polished metals,
reflected radiance can contribute strongly to the measured signal and vary with viewing direction
[22]. Separating the two components can therefore recover a more stable representation of surface
emission while preserving information about material response and environmental illumination.

Standard thermal NVS representations commonly assign a single appearance value to each scene
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point,

L(X,w) = ¢(X), (6.2)

where X 1s a 3D point and w is the viewing direction. This approximation cannot represent thermal
appearance that changes systematically across views. The unexplained variation may instead be
absorbed 1nto the recovered appearance or incorrect geometry, or represented by floating structures.
Unlike the sensor drift and radiometric instability addressed in chapter 5, thermal reflection arises
from scene physics and should be modeled rather than suppressed.

A natural extension 1s to decompose thermal appearance into emissive and reflective components,

L(X,w) = Lemit(X) + Leea(X, w). (6.3)

This decomposition is underconstrained because many assignments of emission and reflection can
explain the same measured radiance. Strong priors can restrict these solutions by encouraging
emission to remain stable across views and reflection to capture directional variation. Geometry
errors, however, create a more fundamental problem: if observations from different views are
associated with incorrect surface points, true multiview variation becomes indistinguishable from
misregistration. The separation can then attribute geometry error to reflection or distort the geometry
to explain reflected appearance.

Within the framework of section 1.3, the distinction between signal and nuisance 1s determined
by the reconstruction objective. In chapter 5, the target was stable scene geometry and thermal

appearance,

Xwild = {G» Lstable } » (6.4)

while remaining frame- and view-dependent variation could be absorbed by the nuisance model M.

This chapter redraws that boundary by promoting the physically meaningtful reflective component
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into the reconstruction target:

Xeefl = 1G> Lemits Lreti } - (6.5)

The resulting image-formation model 1s

Yi = Ms; (-ﬂﬂ (Q, Lemita Lreﬂ; w:')) * ;s (6-6)

where view-dependent reflection 1s modeled as scene signal inside Ay, while sensor drift and

residual radiometric variation remain in M;, .

6.2 Related Work

Inverse rendering and component decomposition. Inverse rendering seeks to explain measured
appearance through underlying scene properties such as geometry, material, and illumination.
Methods including NeRFactor and PhySG jointly estimate reflectance and environmental lighting
from multiview RGB images using physically motivated rendering models [ 165, 166]. NelLF and its
extensions represent spatially varying incident illumination, allowing reflected appearance to depend
on the surrounding scene rather than only on a distant environment map [ 167, 168]. Gaussian-based
methods such as GS-IR extend related decompositions to explicit splatting representations [169].
More broadly, intrinsic-image and reflection-layer decomposition show that separating appearance
into multiple components 1s underconstrained and requires priors that assign distinct structure to
each component [170]. These i1deas provide the general foundation for separating emissive and

reflected thermal radiance.

Reflection-aware novel view synthesis. Reflections introduce an additional challenge for novel

view synthesis because view-dependent appearance can be mistaken for scene geometry. NeRFReN

represents transmitted and reflected image layers with separate radiance fields and constrains their
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otherwise ambiguous decomposition through geometric priors [85]. Ref-NeRF instead introduces
a reflection-aware directional parameterization for specular appearance [86]. Methods such as
NeRO jointly estimate geometry, reflectance, and illumination, directly addressing the coupling
between surface shape and view-dependent radiance [171]. More recent approaches trace reflected
rays through the reconstructed scene to preserve the spatial consistency of reflected content [172,
173]. Together, these methods show that reflection and geometry must be estimated jointly when

Inaccurate structure can itself produce apparent view dependence.

Thermal emission—reflection separation. Thermal image formation differs from RGB because
the measured radiance contains both surface emission and reflected environmental radiation. Existing
methods reduce the resulting ambiguity by introducing additional sensing cues. Dual-band thermal
videography combines spectral information with temporal differences between heat transport and
reflected environmental motion to estimate emissivity and separate time-varying emission and
reflection [24]. Thermal polarization methods exploit differences in the polarimetric behavior of
emitted and reflected radiation for surface-normal recovery [174]. Thermal reflections have also
been used as useful scene measurements; for example, reflected body heat can reveal people outside
the camera’s direct line of sight [25]. These works demonstrate the value of separating the two
components, but rely on spectral, temporal, or polarization cues beyond ordinary multiview thermal

capture.

Thermal multiview reconstruction. Recent thermal reconstruction methods have begun to
incorporate richer image-formation models into neural and Gaussian scene representations. Wen
et al. introduce an emissive—residual decomposition for multiview thermal Gaussian splatting,
using separate components to improve geometry and appearance modeling [158]. PhysIR-Splat
more explicitly follows infrared radiative transfer by estimating temperature, emissivity, and

environmental irradiance on Gaussian primitives while accounting for emission, reflection, and
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atmospheric transmission [175]. These methods establish that thermal appearance cannot always
be represented by a single view-independent intensity. Our method complements them by using

optimization dynamics to distinguish reflective appearance from geometry refinement.

6.3 Method

Our method separates approximately view-consistent thermal appearance from view-dependent
reflection while limiting the formation of reflection-induced geometry. The pipeline has four
stages. First, SEAR [176] provides an initial 3D Gaussian representation and per-view depth
estimates from the input thermal 1mages. We refine this representation using standard 3D Gaussian
Splatting (3DGS), but disable densification so that new Gaussians cannot be introduced to explain
view-dependent appearance. Second, we group the optimized Gaussians into surfaces using their
positions, normals, view-independent radiance, and SEAR depth estimates. Third, we identify
reflection-dominated surfaces from the joint evolution of geometry and radiance during optimization
and freeze their Gaussian positions during subsequent refinement. Finally, we decompose their

spherical-harmonic representation into approximately emissive and reflective components.

6.3.1 Densification-Free Gaussian Reconstruction

SEAR predicts an initial set of 3D Gaussian primitives from the input thermal views. For each
Gaussian g;, we optimize 1ts center y;, covariance X;, opacity «;, and spherical-harmonic radiance

coefficients a;. The radiance predicted by Gaussian 7 in viewing direction w 1s

ci(w) = cPC + C}_IO((,U), (6.7)

]

DC

where ¢~ 1s the direction-independent spherical-harmonic component and cfHO contains the

higher-order, view-dependent components.
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We refine the Gaussian representation with the standard 3DGS image-reconstruction loss [21]:

——

L3pgs = (1 = Assmm) ||1) — h”l + AssM<LD-sSIM (L., Z) (6.8)

where [, and Z are the measured and rendered thermal images for view v. The optimization
jointly updates Gaussian geometry, opacity, and appearance.

Unlike standard 3DGS, we disable densification during this stage. Existing Gaussians may
move, change scale or orientation, update their opacity and radiance, or be removed, but no new
primitives are created. This prevents the optimizer from explaining view-dependent reflections by
generating additional geometry. Culling remains enabled, and we decrease the culling threshold to
more aggressively remove unsupported or redundant Gaussians. Empirically, this produces thinner

surface representations and more coherent Gaussian normals.

6.3.2 Surface Grouping

Atfter the first optimization stage, we group Gaussians that likely belong to the same physical surtace
using DBSCAN clustering [177]. The grouping uses four complementary cues: spatial proximity,
normal similarity, DC radiance, and the depth estimates produced by SEAR. Spatial proximity
and normal similarity favor locally connected Gaussians with a common surface orientation. DC
radiance discourages merging regions with different view-independent thermal appearance, while
depth helps separate nearby structures that occupy different surfaces.

After normalizing the four feature groups, we cluster the Gaussians into

S = {St}e=1» (6.9)

where each Sy denotes a locally coherent surface region. The clustering does not require
metrically exact geometry. It only requires sufficient local consistency to associate Gaussians

belonging to the same physical surface.
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6.3.3 Reflection Identification from Optimization Dynamics

Geometry refinement and view-dependent reflection produce difterent optimization dynamics. When
an incorrect surface 1s corrected, changes in Gaussian position are typically coupled with changes
in radiance. A reflection moving across an otherwise stable surface instead produces substantial
radiance variation with little corresponding motion of the Gaussian centers.

To distinguish these cases, we analyze the joint evolution of Gaussian position and DC radiance

across optimization checkpoints. For Gaussian i at checkpoint 7, we remove its temporal mean and

define

m = -, (6.10)
BT gttt _, (6.11)
The centered parameter vector 1s
~(1)
I_L
2’ =|"" |, (6.12)
ye;

where y balances the scales of spatial displacement and radiance variation.

For each surface S, we construct the covariance matrix

Ji = Cov ({zf” i EDgy T € T}) (6.13)
which has the block form
Lxx OXxC
Ji = : (6.14)
"éc gcc
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Here, X yx measures variation in Gaussian position, occ measures variation in DC radiance,
and o yc measures their coupling. A geometry-dominated update produces non-negligible spatial
variation and stronger position—-radiance coupling. A reflection-dominated surface instead exhibits
large radiance variation while its Gaussian centers remain comparatively stable.

Let vi 1 be the dominant eigenvector of J;, partitioned as

X
Vil = el ; (6.15)
3

We classity a surface as reflection-dominated when the dominant variation 1s strongly aligned

with the radiance axis, the radiance variance is sufficiently large, and the spatial variance remains

small. The corresponding thresholds and the scale factor y are selected empirically.
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Figure 6.1: Preliminary emissive-reflective decomposition results. One simulated and two real
multiview thermal scenes are shown. Reflective components in reconstructions are highlighted in
red.
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6.3.4 Emissive—Reflective Appearance Decomposition

After geometry stabilization, we decompose the spherical-harmonic appearance ot Gaussians
on reflection-dominated surfaces. Let r; € {0, 1} indicate whether surface S; is classified as
reflection-dominated, and let k(i) denote the surface containing Gaussian i.

For each Gaussian.

f HO
C::E (w) = Fe(i)C; (w). (6.16)
i DC HO
E™(w) =i+ (1 =rey) ¢ (w)- (6.17)
For a reflection-dominated surface, the DC component is interpreted as approximately emissive
and the higher-order spherical-harmonic terms as reflective. For all other surfaces, the original
learned appearance is retained without forcing a decomposition.

The two components preserve the original radiance:

emit

ci(w) = ™ (w) + ™ (w). (6.18)

During a second optimization stage, we freeze the positions of Gaussians belonging to reflection-
dominated surfaces by setting their position gradients to zero. These surfaces are frozen because their
view-dependent residuals can otherwise move the Gaussians and encode reflection as geometry, while
other surfaces remain movable to correct residual geometric errors. Their appearance parameters
remain optimizable, allowing directional radiance variation to be represented without deforming the

recovered surface.
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6.4 Results

We evaluate the proposed method on three multiview thermal scenes: one simulated scene with
ground-truth emissive and reflective components, and two real scenes containing view-dependent
thermal reflections. These experiments provide an initial qualitative evaluation of reflection
identification and geometry preservation.

For the simulated scene, we 1nitialize the reconstruction using the provided depth maps rather
than SEAR, 1solating the proposed method from errors in the initial geometry. As shown in
fig. 6.1, the 1dentified reflective regions are highlighted 1n red. In all examples, the detected regions
correspond to surfaces exhibiting view-dependent thermal appearance, while the reconstructed

geometry remains accurate.

6.5 Conclusion

This chapter introduced a preliminary framework for separating approximately view-consistent
thermal appearance from view-dependent reflection. The method constrains Gaussian geometry and
uses joint geometry—radiance optimization dynamics to identify reflection-dominated surfaces before
separating their directional spherical-harmonic appearance from approximately emissive appearance.
Results on one simulated scene and two real thermal scenes suggest that this representation can
preserve coherent scene geometry while identifying view-dependent thermal reflection.

These results are preliminary. A larger evaluation with additional materials, scenes, and
quantitative component-level ground truth 1s needed to characterize the accuracy and generality of
the method.

Within the framework of section 1.3, this chapter revises the boundary between signal and
nuisance introduced in chapter 5. Sensor-induced radiometric variation remains part of the nuisance

operator Mg, but coherent view-dependent reflection is promoted into the reconstruction target x
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because it carries information about the scene. This distinction reflects a broader principle of the
dissertation: structured deviations should be removed when they interfere with the desired signal,

but modeled when they reveal meaningful scene properties.
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Chapter 7

Conclusion

This dissertation developed four computational imaging systems around a common principle:
deviations from ideal image formation are not always errors to be removed. When their physical
structure 1s modeled explicitly, they can provide information about the scene, guide reconstruction,
or be separated from the desired signal. The unified model in section 1.3 formalizes this distinction
through the reconstruction target x, the encoding operator Ay, and the nuisance operator Ms. The
boundary between signal and nuisance is therefore determined not only by the underlying physics,
but also by which scene properties the reconstruction seeks to recover.

The two spectral systems demonstrate complementary ways to overcome the acquisition limits of
hyperspectral imaging. HyperColorization, presented in chapter 3, uses a dense grayscale guide and
scene priors to propagate sparse spectral measurements, trading measurement density for increased
exposure and improved robustness to noise. Spectrum from Defocus, presented in chapter 4, instead
turns longitudinal chromatic aberration into a calibrated spectral encoding. Together, these systems
show that spectral information can be recovered either by exploiting structure already present in the
scene or by reinterpreting a conventional optical aberration as part of the forward model.

The thermal systems address two different sources of multiview inconsistency. Wild Thermal,

presented in chapter 3, treats sensor drift, photometric fluctuations, and related radiometric artifacts
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as structured nuisance variation. Photometric stabilization and flexible appearance modeling prevent
these effects from being interpreted as scene geometry, enabling state-of-the-art thermal-only novel
view synthesis across diverse datasets. The thermal reflection decomposition in chapter 6 revisits
the same signal-nuisance boundary from a different perspective. Rather than absorbing all view-
dependent appearance as nuisance, it promotes coherent thermal reflection into the reconstruction
target and separates it from approximately view-consistent emission. Although these results are
preliminary, they illustrate how expanding x can turn a reconstruction error source into a meaningful
scene component.

Across all four systems, physical modeling and learned priors play complementary roles.
Calibration and explicit image-formation models preserve interpretability, while optimization,
low-dimensional priors, and learned regularizers provide robustness where the measurements are
incomplete or noisy. The broader lesson 1s that practical imaging systems need not eliminate every
nonideality in hardware. By deciding which effects should be encoded, which should be suppressed,
and which should be reconstructed as part of the scene, computational imaging can recover richer

information with simpler sensors and more flexible system designs.
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