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Joint Modeling and Learning Approaches
for Hyperspectral Imaging and Changepoint Detection

Abstract

In the era of artificial intelligence, there has been a growing consensus that
solutions to complex science and engineering problems require novel methodologies
that can integrate interpretable physics-based modeling approaches with machine
learning techniques, from stochastic optimization to deep neural networks. This
thesis aims to develop new methodological and applied frameworks for combining the
advantages of physics-based modeling and machine learning, with special attention
to two important signal processing tasks: solving inverse problems in hyperspectral
imaging and detecting changepoints in time series. The first part of the thesis
addresses learning priors in model-based optimization for solving inverse problems
in hyperspectral imaging systems. First, we introduce a tuning-free Plug-and-Play
algorithm for hyperspectral image deconvolution (HID). Specifically, we decompose
the optimization problem into two iterative sub-problems, learn deep priors to solve
the blind denoising sub-problem with neural networks, and estimate hyperparameters
with a measure of the statistical whiteness of the residual. Second, we introduce an
original hyperspectral and multispectral image fusion (HMIF) method. It leverages
neural networks to learn image priors from data to solve the optimization problem
accounting for inter-image variability. We also propose a zero-shot strategy to learn
the image-specific priors in an unsupervised manner. The second part of the thesis
focuses on modeling changes in data distribution and learning knowledge of time
series signals to detect changepoints. First, we propose a changepoint detection (CPD)
method using an online approach based on neural networks and continual learning to
directly estimate the density ratio between current and reference windows of the data
stream. Second, we introduce a non-parametric algorithm for online CPD in manifold-
valued data and provide theoretical bounds on the detection and false alarm rate
performances using a new result on the non-asymptotic convergence of the stochastic
Riemannian gradient descent. Finally, we extend this algorithm to distributed CPD
in streaming manifold-valued signals over graphs with a parallel implementation of a
graph filter. This significantly improves the detection of changepoints in unknown
communities of networks.

Keywords: physics-based modeling, machine learning, hyperspectral images,
inverse problems, changepoint detection, Riemannian manifolds.



Approches conjointes de modélisation et d’apprentissage pour
I’imagerie hyperspectrale et la détection de changements

Résumé

A Dére de 'intelligence artificielle, on observe un consensus croissant sur le fait
que des solutions a des problémes complexes de science et d’ingénierie nécessitent
de nouvelles méthodologies qui peuvent associer des méthodes de modélisation
physique & des techniques d’apprentissage automatique, en recourant & ’optimisation
stochastique et aux réseaux neuronaux profonds. Cette thése vise a étudier des
méthodes permettant de combiner les avantages de la modélisation basée sur la
physique et de 'apprentissage automatique, en accordant une attention particuliére
a deux questions importantes de traitement du signal : la résolution de problémes
inverses en imagerie hyperspectrale et la détection de changements dans des séries
temporelles. La premiére partie de la thése traite de I’apprentissage d’informations a
priori dans une démarche orientée modéles pour la résolution de problémes inverses
en imagerie hyperspectrale. Tout d’abord, nous introduisons un algorithme Plug-
and-Play pour la déconvolution des images hyperspectrales (HID). Plus précisément,
nous décomposons le probléme d’optimisation correspondant en deux sous-problémes
résolus itérativement, et apprenons les informations a priori profondes pour résoudre
le sous-probléme de débruitage aveugle a 1’aide de réseaux neuronaux, et estimons
les hyperparamétres a ’aide d’'une mesure de la blancheur résiduelle. Dans un second
temps, nous introduisons une méthode originale de fusion d’images hyperspectrales
et multispectrales (HMIF). Elle s’appuie sur des réseaux neuronaux pour apprendre
des informations a priori sur les images, & partir de données, dans le but de résoudre
le probléme d’optimisation en tenant compte de la variabilité entre les images. Nous
proposons également une stratégie "zero-shot" pour apprendre I’a priori spécifique
a l"image de maniére non supervisée. La deuxiéme partie de la thése se concentre
sur ’apprentissage de séries temporelles en vue de détection de changements. Tout
d’abord, nous proposons une méthode de détection de changements (CPD) utilisant
une approche en ligne reposant sur des réseaux neuronaux et leur apprentissage en
continu pour estimer directement le rapport des fonctions de densité des observations
entre deux fenétres temporelles glissantes. Ensuite, nous introduisons un algorithme
non paramétrique pour la CPD en ligne dans le cas de signaux multi-variés. Nous
fournissons des limites théoriques sur les taux de détection et de fausse alarme &
I’aide d’un nouveau résultat sur la convergence non asymptotique de ’algorithme
de gradient stochastique sur des variétés riemanniennes. Enfin, nous étendons cet
algorithme a la CPD distribuée en ligne sur des signaux multi-variés sur graphes, et
proposons une implémentation paralléle sur graphe. Ceci améliore considérablement
la détection de changements survenant dans des communautés fortement connectées,
inconnues, des réseaux.

Mots clés : modélisation basée sur la physique, apprentissage automatique,
images hyperspectrales, problémes inverses, détection de changements, variétés
riemanniennes.
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1.1 Joint Modeling and Learning Approaches

In the field of signal processing, physics-based modeling approaches and machine
learning techniques are two important methodologies that are often investigated
individually. Traditional physics-based approaches incorporate system, signal, and
noise models constructed based on a representation of the physical mechanisms
underlying the data generation process and admit a clear interpretation. Neverthe-
less, the physical processes underlying many real applications such as hyperspectral
imaging can be extremely complex and are often not completely known. Thus,
physics-based models defined a priori are often inaccurate, which limits their per-
formance in downstream tasks. Data-driven methods using machine learning, from
stochastic optimization [Bottou 2010, Bottou 2018] to deep neural networks |Kriz-
hevsky 2012, LeCun 2015], have developed rapidly in recent years. Their performance
in many problems has surpassed that of classical methods thanks to their using
less assumptions on the data distribution and having superior capability in directly
learning information from data. However, applying such machine learning techniques
as black boxes to perform signal processing tasks may lead to low interpretability
and poor generalization ability, especially when the amount of data available for
training is small.

To bring together the best of two worlds, recent research efforts have focused on
combining the advantages of physics-based and data-driven methods [Wen 2023, Ka-
dambi 2023, Shlezinger 2023] to explore the continuum between domain-specific
knowledge and machine learning. In this way, superior performance with clear in-
terpretation can be achieved with a principled design of the models and integration
methodologies to leverage available physical knowledge without restricting the re-
presentation capability of the model. This thesis aims to advance the state of the
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FIGURE 1.1 — Illustration of a pixel from a hyperspectral image [Borsoi 2021b].

art in both theoretical and algorithmic (applied) aspects of this topic, with special
attention to two important signal processing tasks: solving inverse problems in hy-
perspectral imaging [Rasti 2021, Yokoya 2017a] and detecting changepoints in time
series [Aminikhanghahi 2017, Truong 2020]. The former problem is mainly concerned
with accurately reconstructing a signal while the latter consists in detecting shifts or
anomalies in the behavior of signals over time, and one can find interesting applica-
tions which combine both of them including detecting changepoints in multi-temporal
hyperspectral image sequences |Borsoi 2021¢, Borsoi 2021f]. Now we shall give a brief
introduction to these two tasks below.

1.1.1 Solving inverse problems in hyperspectral imaging

As illustrated in FIGURE 1.1, hyperspectral imaging systems simultaneously
capture images of a scene over continuous narrow spectral bands ranging from
the ultraviolet to the visible and infrared spectra. The high spectral resolution
provided by hyperspectral images (HIs) enables us to conduct analyses that cannot
be performed with conventional imaging techniques. Their rich spectral information
has attracted interest in many applications such as remote sensing for mineral
exploration, vegetation monitoring, and land cover analysis [Bioucas-Dias 2013] as well
as computer vision for object detection [Yan 2021|. However, due to various physical
and hardware limitations, the acquisition process induces various degradations.
For example, observed HIs are usually blurred and corrupted by noise during the
acquisition process. Moreover, the high spectral resolution of HIs and typical sensor-
to-target distances limits their spatial resolution [Shaw 2003]. These degradations on
the acquired images can reduce the accuracy of downstream processing applications
of interest. Thus, it is desirable to restore images by modeling the inversion of the
degradation process and consequently solving inverse problems beforehand.

In response to various forms of degradation, a range of specific tasks has been
investigated, including but not limited to HI denoising, deconvolution, and super-
resolution (fusion) [Rasti 2021, Yokoya 2017a|. Each of these tasks necessitates the
solution to a corresponding inverse problem to enhance the image quality. Despite
the diverse nature of degradations affecting the hyperspectral imaging process, each
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giving rise to distinct hyperspectral image degradation phenomena, it is possible
to unify these different phenomena mathematically by establishing a general model.
This model allows for the representation of the diverse degradation types as the
following linear model:

y=Hzx +n, (1.1)

where y and x denote observed and latent HIs, respectively, H is a degradation
matrix, and n is independent and identically distributed (i.i.d.) Gaussian noise.
Problem (1.1) with different meanings of H represents distinct hyperspectral inverse
imaging problems:

— H is an identity matrix: HI denoising problem.

— H is a convolution matrix: HI deconvolution problem.

— H is a composite matrix of convolution and down-sampling matrices: HI

super-resolution problem.

Note the HI super-resolution problem is often addressed with the fusion of multis-
pectral images (MIs) of the same scene, which have higher spatial but lower spectral
resolution. This problem is consequently called as HMIF problem. One challenge
in solving (1.1) is that matrix H is typically ill-conditioned, making the process of
solving for @ involving the inversion of H ill-posed and highly unstable. To tackle this
issue, regularization strategies can be employed to use additional prior information
to constrain the solution space, leading to a stable solution to (1.1). To provide a
statistical interpretation for these strategies, we will now formulate the optimization
models of solving (1.1) from a Bayesian inference viewpoint.

The distribution of 4 conditioned on @ can be determined by the noise distribution:

p(y|x) = N(Hz,oI), (1.2)

where N (p, X) represents Gaussian distribution with mean p and covariance matrix
32. From Bayes rule, we can compute the posterior distribution of x as

p(xly) o p(ylx)p(x), (1.3)

where p(x) denotes the prior distribution of & and oc means "proportional to".
Finally, the log-posterior distribution can be written as

1
—logp(x|y) = 5|y — Ha[* +logp(x)+ K, (1.4)

where K is a constant. Different prior distributions of p(x) can be considered in
the literature to solve ill-posed inverse problems. In the sense of the maximum
a posteriori (MAP) principle, we can estimate @ by seeking the minimum of the
following degradation model-based optimization problem:

1
x* = argmin 5”1/ — Hz|? + n®(x), (1.5)
xr

where ||y — Hx|? represents the data fidelity term and ®(z) is the regularization
term (which is related to the choice of prior) that enforces desirable properties of
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the solution with a regularization parameter n. In parametric models, the choice of
®(x) is defined based on prior knowledge about the signal properties or about the
model defining p(x). In contrast, this thesis focuses on non-parametric strategies,
i.e., without strong assumption on parametric form of p(x).

1.1.2 Detecting changepoints in time series

F1GURE 1.2 — Ilustration of changepoints between different states of a multivariate
time series.

Another common task in signal processing is the identification and analysis of
complex systems whose underlying state changes over time. Changepoint detection
(CPD) is the problem of finding abrupt variations in the statistical properties of
time series data, which may indicate transitions between different states [Amini-
khanghahi 2017, Truong 2020|. As a fundamental problem in statistics and signal
processing, CPD has seen major interest from the community in the past decades and
has been applied to fields as diverse as medical condition monitoring [Gajic 2015],
speech recognition [Rybach 2009] and image analysis [Borsoi 2021f]. In addition, this
problem also plays a central role in the modeling, analysis, and prediction of time
series data, and it has been addressed in many applications ranging from remote
sensing [Zeng 2020] and climatology [Reeves 2007] to financial data analysis [Bai 1998|.

Let us consider a time series of d-dimensional vector-valued data {x;}n, with
x; € R?. We assume that there exists a time index ¢, € N with an abrupt change in
the statistical distribution of x;, that is:

t<t,: x ~px), t=t,: o ~qx), (1.6)

where p(x) and ¢(x), which are assumed to be different, denote the probability
density functions (PDFs) of the data before and after ¢,. The latter is the so-called
changepoint, as illustrated in FIGURE 1.2. To make the presentation clearer, without
loss of generality, the problem in (1.6) presents only a single changepoint for simplicity,
but CPD algorithms are typically designed to handle multiple changepoints.

The CPD problem consists of estimating the changepoint #, that is as close as
possible to the true changepoint ¢,. In this thesis, we consider a more general version
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of this problem, in which {x;} might contain multiple changepoints, and x; is a
streaming signal that is observed sequentially over time. We address the requirement
that changepoints must be detected online, i.e., we need to decide whether each time
instant ¢ € N is a changepoint based only on past data {xy }y<;. This leads to two
objectives when designing an online CPD algorithm: minimizing the probability of a
false alarm (of flagging ¢ # t, as a changepoint), and minimizing the detection delay,
ie., t, —t, for t, being the first detection after t,. Moreover, this thesis focuses on
non-parametric strategies, in which no parametric form is assumed for the probability
measures p(x) and g(x).

1.2 Motivations and main contributions

The objective of this thesis is to develop new frameworks for integrating physics-
based modeling and machine learning methods, with special attention to solving
inverse problems in hyperspectral imaging and detecting changepoints in time series.
The motivation of this thesis is twofold regarding these two signal processing tasks
respectively.

In the hyperspectral imaging task, this thesis formulates and solves the inverse
problems to address three challenges, including HI denoising, deconvolution, and
fusion. The hyperspectral imaging inverse problems consist of dealing with their
ill-posedness and can be formulated as regularized optimization problems. A variety
of physics-based modeling methods have been developed with various hand-crafted
regularizers to promote the sparsity, spatial continuity, and edge-preservation of
images, which are useful prior information. These regularizers play a key role in
improving the performance and enhancing the stability of the inversion processing.
However, it is a non-trivial task to handcraft a powerful regularizer, and complex
regularizers may introduce extra difficulties in solving optimization problems, espe-
cially in the case where they are non-differentiable or non-convex. In recent years,
inspired by the success of deep learning, convolutional neural networks (CNNs) have
been used to restore images end-to-end. These data-driven methods require less
handcrafted prior knowledge of images and have been shown to achieve significant
performance enhancement compared to physics-based modeling methods. However,
they need massive amounts of data for training and may not be consistent with the
physical degradation model. To tackle the above issues, this thesis will investigate the
integration of the merits of both physics-based modeling and deep learning methods.

For the time series CPD task, the thesis considers sequential inputs with weaker
assumptions about the data distribution compared to parametric methods to detect
changepoints. The non-parametric and online CPD in time series can be addressed
by various physics-based modeling of the changes in data distributions, such as
estimating density ratio in sliding windows, or monitoring mean, variance, or general
statistics of time series. Based on these physics-based models, various methods have
been proposed to detect changepoints, such as kernel-based density ratio estimation,
monitoring maximum mean discrepancy, and random features of time series with
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exponentially weighted moving averages. However, kernel-based methods or hand-
crafted features may not be sufficient to handle complex scenarios, such as data
belonging to non-Euclidean spaces. For instance, the performance of kernel-based
methods and hand-crafted features heavily depends on the choice of the kernel
function and the design of the features. Identifying an appropriate kernel or feature
set and fine-tuning its parameters is often a non-trivial task, requiring domain
expertise and extensive experimentation. For very complex patterns or highly non-
linear data, even sophisticated kernels or hand-crafted features might not capture the
underlying structure effectively. Recently, machine learning, including deep neural
networks and stochastic optimization, has shown its powerful learning and adaptation
ability in many signal processing tasks [Bottou 2018, Wen 2023|. However, directly
applying these powerful tools to CPD is not trivial due to the lack of explicit learning
objectives, as this problem is different from traditional supervised and unsupervised
learning tasks. Therefore, this thesis will investigate appropriate designs of the
learning objectives derived from physics-based models and then leverage machine
learning to learn information from data to detect changepoints in time series.

Concentrating on the problems and the motivations presented above, the main

contributions of this thesis are the following as below:

— Proposition of a joint modeling and learning approach with application to HI
deconvolution, i.e., a Plug-and-Play algorithm with deep prior and design of
a parameter turning-free mechanism.

— Derivation of a joint modeling and learning algorithm accounting for hyper-
spectral and multispectral image fusion (HMIF) problem with inter-image
variability, including a general imaging model, an iteratively reweighted opti-
mization scheme with deep image-specific prior learning.

— Proposition of a joint modeling and learning approach with a neural online
density-ratio estimator for online and non-parametric CPD in Euclidean
spaces, which leverages neural networks to learn density ratio between test
and reference sliding windows, in the form of a continual learning problem.

— Derivation of a joint modeling and learning framework for non-parametric
online CPD on Riemannian manifolds, analysis of the performance guarantees
of this algorithm based on a new theoretical finding on the convergence of
Riemannian stochastic optimization, and application of this algorithm to two
common instances of manifolds.

— Development of distributed CPD for streaming manifold-valued signals over
networks with a parallel implementation of a graph filter.

1.3 Thesis organization and contents

The main body of this thesis is divided into two parts. The first part consists of
Chapters 2 and 3, and concerns joint modeling and learning approaches for solving
inverse problems in hyperspectral imaging. In Chapter 2, we present a tuning-free
Plug-and-Play framework for HI deconvolution with deep priors. In Chapter 3, we
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address the unsupervised deep HMIF method accounting for inter-image variability.
The second part consists of Chapters 4, 5, and 6, and investigates joint modeling
and learning approaches for detecting changepoints in time series. In Chapter 4, we
introduce a neural online density-ratio estimator for non-parametric online CPD in
Euclidean spaces. In Chapter 5, we consider non-parametric online CPD on manifolds
with theoretical analyses and its application to two instances of Riemannian manifolds.
In Chapter 6, we extend the algorithm in Chapter 5 to process streaming manifold-
valued data over networks.

Part I - Joint Modeling and Learning Approaches: Hyperspectral Imaging

Chapter 2: Considering a joint modeling and learning approach, we address
HI Deconvolution by solving an ill-posed inverse problem. we introduce a tuning-free
Plug-and-Play algorithm for HSI deconvolution. Specifically, we use the alternating
direction method of multipliers (ADMM) to decompose the optimization problem
into two iterative sub-problems. A flexible blind 3D denoising network (B3DDN) is
designed to learn deep priors and to solve the denoising sub-problem with different
noise levels. A measure of 3D residual whiteness is then investigated to adjust the
penalty parameters when solving the quadratic sub-problems, as well as a stopping
criterion. This work is related to the publication [Wang 2023f].

Chapter 3: HMIF is another typical inverse hyperspectral imaging problem
that can be addressed by a joint modeling and learning approach. We present a general
imaging model that considers inter-image variability of data from heterogeneous
sources and flexible image priors. The fusion problem is stated as an optimization
problem in the maximum a posteriori framework. We introduce an original image
fusion method that, on the one hand, solves the optimization problem accounting for
inter-image variability with an iteratively reweighted scheme and, on the other hand,
that leverages lightweight CNN-based networks to learn realistic image priors from
data. In addition, we propose a zero-shot strategy to directly learn the image-specific
prior of the latent images in an unsupervised manner. This work is related to the
publications [Wang 2022a, Wang 2023c].

Part II - Joint Modeling and Learning Approaches: changepoint Detection

Chapter 4: Detecting changepoints in streaming time series data is a long-
standing problem in signal processing. Nevertheless, leveraging recent advances in
deep learning to detect changepoints in time series data is still challenging. We
propose a joint modeling and learning method using an online approach based
on neural networks to directly estimate the density ratio between current and
reference windows of the data stream. A variational continual learning framework is
employed to train the neural network in an online manner while retaining information
learned from past data. This leads to a statistically-principled fully nonparametric
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framework to detect changepoints from streaming data. This work is related to the
publication [Wang 2023b].

Chapter 5: Non-parametric detection of changepoints in streaming time series
data that belong to Euclidean spaces has been extensively studied in the literature.
Nevertheless, when the data belongs to a Riemannian manifold, existing approaches
are no longer applicable as they fail to account for the structure and geometry of
the manifold. In this chapter, we introduce a joint modeling and learning algorithm
for non-parametric online CPD in manifold-valued data streams. This algorithm
monitors the generalized Karcher mean of the data, computed using stochastic
Riemannian optimization. We provide theoretical bounds on the detection and
false alarm rate performances of the algorithm, using a new result on the non-
asymptotic convergence of the stochastic Riemannian gradient descent. In addition,
we apply our algorithm to two different manifolds. This work is related to the
publications [Wang 2023a, Wang 2024a).

Chapter 6: Signal processing methods over networks have recently been propo-
sed to detect changepoints occurring in localized communities of nodes. Nevertheless,
all these methods are mostly limited to time series data in Euclidean spaces. In this
chapter, we devise a distributed CPD method for streaming manifold-valued signals
over graphs. This framework combines a local test statistic at each node to account
for the data geometry residing on a Riemannian manifold, with a fully distributed
graph filter that incorporates information on network topology. This significantly
improves the detection of changepoints in unknown communities of networks. This
work is related to the publications [Wang 2023d, Wang 2023e].

At the end of this thesis, Chapter 7 summarizes our contributions and discusses
possible extensions and other open problems for future works, including an exploratory
study on Riemannian diffusion adaptation over graphs [Wang 2024b|.
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Context

As mentioned in the introduction, the inverse problems in hyperspectral imaging
are typically ill-posed. This makes properly defining priors and designing regularizers
very important to improve performance and enhance the stability of the inversion
process. Some important types of prior information used in hyperspectral inverse
imaging problems are related to the sparsity or smoothness of the estimated values.
For instance, £,(0 < p < 1) norms are commonly employed to enhance the sparsity of
the recovered image when represented in some appropriate basis, while total variation
(TV) and Laplacian regularization are often utilized to promote the smoothness of
the estimated values [Boyd 2004].

However, it is a non-trivial task to handcraft a powerful regularizer to take
all types of prior information into account. Meanwhile, complex regularizers may
introduce extra difficulties in solving optimization problems in (1.5), especially in the
case of non-differentiable regularizers such as ¢1-norm and TV-norm regularization
terms. Compared with optimization methods based on predefined priors, deep learning
methods require fewer assumptions on the prior knowledge of the latent solution @,
and can directly learn the relevant information from training data in an end-to-end
way. Nevertheless, these learning-based methods ignore the degradation model in (1.1),
though this model has a clear physical interpretation that relates the observed data
y and latent . Recently, benefiting from the variable splitting principle, various
Plug-and-Play methods [Venkatakrishnan 2013, Romano 2017| have been proposed.
They consist of plugging image-denoising modules into optimization modules to solve
inverse problems.

We shall now outline the main principles of the Plug-and-Play framework |[Venka-
takrishnan 2013, Romano 2017|. With the alternating direction method of multipliers
(ADMM) |Boyd 2011] or the half quadratic splitting (HQS) method |Geman 1995], the
optimization problem (1.5) can be solved iteratively consisting of two key operations:

1
& = argmin = |y — Hz|? + 2|z — 2|2, (1.7)
x 2 2

z = Denoiser(x,0), (1.8)

where p is the penalty parameter, and Denoiser(-) represents a denoising operator
with o = m the denoising strength. Conversely, this formulation can also implicitly
define ®(-) when plugging an arbitrary denoising operator.

In this part, we explore a novel idea for two distinct inverse problems in hyperspec-
tral imaging by designing Plug-and-Play methods to integrate the merits of physical
modeling and deep learning. On the one hand, based on the ADMM algorithm,
we propose a completely turning-free Plug-and-Play framework for hyperspectral
image deconvolution (HID) with the design of a blind deep denoiser and residual
whiteness (Chapter 2). On the other hand, we consider a more challenging problem,
i.e., MHIF with the inter-image variability, and design an unsupervised algorithm
based on a more efficient variant of the Plug-and-Play framework (Chapter 3) and
zero-shot learning strategy. By considering the degradation model, both algorithms



14

can directly learn prior information from data without any explicit assumption on
the properties of the latent HIs. Note that Chapter 3 considers an more efficient
variant of the Plug-and-Play framework but involves more hyperparameters, for the
ease of tuning-free mechanism design, Chapter 2 considers the original Plug-and-Play
framework.
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Tuning-free Plug-and-Play HID
with deep priors
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2.1 Introduction

As mentioned in Chapter 1, due to various physical and hardware limitations, one
degradation phenomenon is that observed HIs are usually blurred and corrupted by
noise during the acquisition process, leading to degraded performance in subsequent
analyses. Thus, it is desirable to restore images by deconvolution (inversion of the
degradation process) techniques beforehand.

Multichannel images contain abundant spectral information across neighboring
wavelengths, which raises the challenge of accounting for spectral correlations while
ensuring spatial consistency compared to ordinary 2D images [Bongard 2011, Sar-
der 2006]. Traditionally, the deconvolution of multichannel (multispectral) images
involves, e.g., Wiener filter [Galatsanos 1989, Hunt 1984, Kalman filter [Tekalp 1990],
and regularized least-squares |Galatsanos 1991|. For hyperspectral deconvolution,
an adaptive 3D Wiener filter [Gaucel 2006] and a filter-based linear method [Bon-
gard 2011]| have been used for astronomic HIs. 2D Fast Fourier Transforms (FFTs)
and Fourier-wavelet techniques have been considered in [Thiébaut 2005] and [Neela-
mani 2004] for HID to benefit from computational efficiency in Fourier and wavelet
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domains. In [Song 2019], an online deconvolution algorithm was devised to process
HIs sequentially collected by a push-broom device.

Considering that deconvolution problems are usually highly ill-posed, it is stron-
gly desirable to incorporate prior information of images to regularize the solutions.
To this end, a computationally efficient algorithm in [Henrot 2012| performs HID
subject to positivity constraints while accounting for spatial and spectral correlations.
The work in [Chang 2020] investigates both the spatial non-local self-similarity and
spectral correlations by employing low-rank tensor priors. Defining proper priors
and designing regularizers play a key role in these methods. However, it is not a
trivial task to handcraft powerful regularizers, keeping in mind that complex re-
gularizers may also introduce extra difficulties in solving optimization problems.
Recently, benefiting from the variable splitting principle, various Plug-and-Play
methods have been proposed. This framework allows us to benefit from the merits
of deep learning and model-based optimization methods [Chen 2022|, and to elimi-
nate the need for expensive network retraining whenever the inverse problem (i.e.,
the operator H) changes [Zhang 2017b|. Applications include magnetic resonance
imaging (MRI) reconstruction [Venkatakrishnan 2013, Wei 2020a], 2D image res-
toration [Brifman 2016, Zhang 2017b, Chen 2020, Zhang 2021] and hyperspectral
unmixing [Wang 2020b, Zhao 2021|. Despite its effectiveness, this strategy has not yet
been employed in HID problems, though similar difficulties of designing regularizers
are encountered there.

Regardless of whether the regularizers are manually designed or implicitly learned
as in recent Plug-and-Play algorithms, it is desirable to select the regularization
parameters properly to balance the contribution of prior information and observations.
Classic parameter estimation methods used with handcrafted regularizers include the
discrepancy principle (DP) [Thompson 1991], the L-curve [Hansen 1992, Vogel 1996],
the generalized cross-validation (GCV) |Golub 1979, Reeves 1994], and Stein’s
unbiased risk estimate (SURE) [Stein 1981, Van De Ville 2011|. Recently, the authors
of [Song 2016| proposed the maximum curvature criterion and the minimum distance
criterion (MDC) on the response surface to estimate the regularization parameters in
a non-negative HID problem [Henrot 2012]. The MDC has been extended to HI super-
resolution by considering a deep prior regularizer in [Wang 2021]. By defining and
maximizing some whiteness measures of residual images, the authors of [Almeida 2013|
proposed a 2D image deblurring method with objective criteria for adjusting the
regularization parameter as well as the stopping criterion. In [Lanza 2020], an exact
residual whiteness principle has been proposed for generalized Tikhonov-regularized
2D image restoration. However, a specific-designed criterion for 3D images, such as
Hls, is still missing.

Compared to handcrafted regularizers, implicit regularizers in Plug-and-Play
algorithms introduce extra challenges that need to be addressed for devising an
automatic regularization parameter estimation strategy. In the Plug-and-Play fra-
mework (1.7) and (1.8), n is reparameterized by a series of internal parameters,
including the penalty parameter p, the denoising strength o, and the number of
iterations K (related to stopping criteria). In the plug-and-play approaches with re-
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gularizations based on a denoiser |Brifman 2016, Wang 2020b, Zhao 2021], a constant
scaling factor is used to increase p linearly as iterations proceed. In [Zhang 2017b],
o is exponentially decayed in sequential denoising sub-problems. Nevertheless, the
selected parameters in all these handcrafted criteria may lead to sub-optimal perfor-
mance since the internal parameters may not change monotonically. To address this
issue, the methods in [Chen 2020, Zhang 2021] consist of training a blind denoising
network to estimate o automatically. The work in [Chen 2020| considers a fixed p
while the approach in [Zhang 2021] considers a fixed 1. Unlike these semi-automated
approaches, deep reinforcement learning is used in [Wei 2020a| to determine all the
internal parameters, leading to good convergence behavior and performance.

This chapter introduces a fully automatic Plug-and-Play hyperspectral deconvo-
lution method that uses spectral-spatial priors learned from data by a deep neural
network. The HID problem is addressed with an ADMM algorithm. To avoid manually
selecting the regularization parameters, we define a non-negative scalar measure of
whiteness for 3D residual images, which cooperates with a blind deep denoiser to
adaptively adjust all the internal parameters. The contributions of this work are
summarized as follows:

— We propose a Plug-and-Play HID framework. Based on the ADMM algorithm,
the optimization problem is split into two sub-problems, a simple quadratic
sub-problem and a 3D-image denoising sub-problem.

— A blind deep denoiser referred to as B3DDN is designed and plugged into the
proposed framework. This denoising operator learns both spatial context and
spectral attributes of HIs, bypassing the difficulty in designing regularizers.
After training with simulated data, the flexibility of the BSDDN allows it to
represent, without any extra training, the priors for real-world images even
with a distinct number of spectral channels.

— The proposed Plug-and-Play framework is designed in a completely turning-
free manner. Specifically, the penalty parameters are determined automatically
by solving a scalar optimization problem while the denoising strengths are
implicitly learned by the BSDDN. A stopping criterion for the iterative process
is also provided.

— An HI dataset containing six blurring and clear image pairs captured in indoor
and outdoor scenes is provided with this work. This dataset allows us to show
that our method applies to real-world scenarios. It also provides a benchmark
for future research works in hyperspectral deconvolution.

The chapter is organized as follows. In Section 2.2, HID is formulated as a
linear inverse problem. Section 2.3 introduces the proposed tuning-free deconvolution
method based on the Plug-and-Play framework with learned deep priors. In Sec-
tion 2.4, experiments with simulated and real-world data are conducted and analyzed.
Section 2.5 concludes this chapter.
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FIGURE 2.1 — Architecture of the proposed tuning-free scheme for HID. Top panel:
Network structure of the BSDDN. Bottom panel: Numerical optimization steps in
the ADMM framework.

2.2 Image deconvolution with linear model

We denote a degraded HI and its latent clean counterpart by Y e REXFP*Q and
X e REXPXQ regpectively, where P, @, and L are the numbers of rows, columns and
spectral bands of the image. Using lexicographical order, Y and X can be reshaped
into vectors y € REPQX1 and & € REPQXL respectively. The degraded image and the
clean image at the i-th spectral band are denoted by Y; € RP*®? and X; € RFP*€.
For ease of mathematical formulation, the columns of Y; and X; are stacked to form
vectors y; € RV*! and a; € RVX! with N = PQ denoting the number of pixels. x
and y are vectors obtained by stacking vectors x; and y; (1 <i < L), respectively.
This notation system also works for other images.
For the i-th channel, Y; is generated from X; according to the following 2D
degradation model:
Y, =H;+« X, + N;, (2.1)

where H; is the convolution kernel, possibly containing null entries, of size P x @
encoding the Point Spread Function (PSF) of the i-th channel:

Hi=| = . (2.2)
Hp1 - Hpo

Operator * denotes the discrete 2D convolution performed in the image domain, and
N; is an additive independent and identically distributed (i.i.d.) Gaussian noise with
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standard deviation o. Following [Henrot 2012], model (2.2) can be written as:
y; = Hizi + ny, (2.3)

where H; is a N x N block-Toeplitz matrix with P x ) Toeplitz blocks. Imposing
periodic boundary conditions on H;, H; can be rewritten as a block circulant matrix
with circulant blocks, a structure denoted as circulant-block-circulant (CBC). This
property allows us to design a Fourier domain implementation for solving the least
square problem in Section 2.3.1.

Assuming that the convolution is separable (i..e, the convolution kernel is invariant
across spectral channels) and the noise variance is independent over spectral bands,
the hyperspectral degradation model can be written in the form of (1.1) where H is
a block-diagonal matrix of size LN x LN:

H o0 --- 0
(R

H=| " : (2.4)
| 0 -+ 0 Hy|

The problem in HID is formulated as an inverse problem, where X is estimated by
seeking the minimum of the objective function (1.5).

2.3 Proposed method

Designing an effective regularizer ®(x) along with an efficient solving method is
not trivial. Meanwhile, it is cumbersome to fine-tune the hyperparameter n to balance
the contribution of ®(x) for different images. To tackle these issues, we propose to
learn priors from hyperspectral data and incorporate them into the model-based
optimization to tackle the regularized inverse problem in (1.5). More specifically,
using the variable splitting technique [Boyd 2004], we transform problem (1.5) into
two sub-problems, namely, a simple quadratic problem with a penalty parameter
and a 3D-image denoising problem with a certain denoising strength. These sub-
problems are iteratively solved, using a linear method and a blind deep neural
network, respectively, until the convergence criterion is met. In this procedure,
the penalty parameter is automatically estimated while the denoising strength is
implicitly learned. Finally, the algorithm is automatically terminated by stopping
criteria. Our tuning-free HID scheme is illustrated in FIGURE 2.1.

2.3.1 Variable splitting based on the ADMM

The ADMM is adopted to decouple the data fidelity term and the regularization
term in (1.5). By introducing an auxiliary variable z, problem (1.5) can be written
in the equivalent form:

1
& = argmin 5“1/ — Hz|? + n®(z), st. z=u=. (2.5)
€T
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The associated augmented Lagrangian function [Boyd 2004] is given by

1
Lo, 2,0) = argmin -y — Ha|* +50(2) + o7 (x — ) + Lo — 2%, (26)

with v the dual variable, and p > 0 the penalty parameter. Scaling v as u = p~'v,

problem (2.6) can be iteratively solved by repeating the following successive steps:

w1 =argmin _ly — Hal® + 2o — ), (272)
Zr41 = argmin n®(=) + 552, — 27, (2.7b)
Uks1 = Uk + Tyl — Zkal, (2.7¢)
where
Ty, =z — Uy, (2.8a)
Zk = Tp1 + Uy, (2.8b)

and pi denotes the penalty parameter at the k-th iteration. In this way, the data
fidelity term and the regularization term in (1.5) are decoupled into two sub-
problems, (2.7a) and (2.7b). Sub-problem (2.7a) is a least square problem that
can be solved analytically as follows:

w1 = (H'H + ppl) " (H y + ppy), (2.9)

Subproblem (2.7b) can be reformulated as:

1.
Zp41 = argmin — |z — z|> + ®(2), (2.10)
z 20

where o, = /1/pk.

From a Bayesian perspective !, (2.10) can be considered as a denoising problem,
removing Gaussian noise with noise-level o from the noisy HI Z; to obtain the clean
HI z441. In other words, a denoising operator can be used for implicitly designing
the regularization term ®(x).

2.3.2 Estimating parameters via 3D residual whiteness

In most real-world applications, no ground-truth information is available for
fine-tuning the algorithm parameters or terminating the optimization at a proper

1. Considering a degradation model 2y = z 4+ nx where n; is Gaussian noise with standard
deviation 0. The denoising problem can be formulated as the recovery of the posterior proba-
bility density function (PDF) p(z|Zj). Using the Bayes theorem, this PDF can be written as:
p(z|Zk)ocp(Zk|z)p(z) where p(z) is the prior probability distribution of z. Finally, the log-posterior
distribution can be written as —log p(z|z)) = ﬁ“ik — z|? + logp(z) + C where C is a constant.
By rewriting log p(z) as ®(z), estimating z in the sense of the maximum a posterior principle leads
to the optimization problem in (2.10).
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iteration. To tackle this issue, a measure of residual whiteness of 3D images is defined
in this subsection, and the optimal value of pj, at each iteration, as well as the number
of iterations, can be determined with the help of this measure. To be specific, we
propose to evaluate the optimal p} in (2.7a) by solving a scalar optimization problem.
The stopping criterion then consists of comparing this 3D whiteness measure between
two iterations.

2.3.2.1 Measure of 3D residual whiteness

We define the residual image 75,1 € RYY by:
re+1 = Hep — v, (2.11)

with its equivalent 3D image cube denoted by Ry.1 € RV*P*Q The auto-correlation
of Ry 1 is defined as:

1
ARkJrl = m(RkH * Ry 1), (2.12)

where * denotes the 3D discrete correlation. The sample auto-correlation at indexes
(I,p,q) is given by:

1 . .
ARk+1 (la b, Q) = m Z Rk+1(la b, Q)Rk-‘rl (m+l’ 1+D, ]+Q)a (213)

m1Z7‘7

withl<m <L, 1<i<P,1<j <. When the residual is close to the modeling
error 1, i.e., a white Gaussian noise, Ag, (I, p, q) satisfies the following asymptotic
property:

o? if (I,p,q) = (0,0,0),

(2.14)
0 if (I,p,q) # (0,0,0).

L]l\ifriloo Ap, . (Lp.g) ~ {

The size LN of hyperspectral images is usually large (between 10 and 10%), so that
we can assume that the sample auto-correlation at all indexes (I,p,q) # (0,0,0)
is close to zero. This assumption is based on the following result of the Gaussian
process m with its equivalent 3D image matrix denoted by N € REXP*Q and sample
auto-correlation A, ., (I, p,q) defined by replacing R as IN in (2.13).

Theorem 1. If n has a finite variance o and LN tends to o, any AN, ., (1,1, q)
with (I,p,q) # (0,0,0) are asymptotically uncorrelated and their limiting distribution

is a Gaussian distribution with zero mean and standard deviation o, = \/% — 0.

Proof. The proof follows directly by applying Proposition 1 of [Lanza 2018| to
the 3D domain.

The rationale behind imposing residual whiteness is to estimate parameters
by constraining the residual auto-correlation at non-zero indexes to be small. To
make this measure independent from o, inspired by |Lanza 2020], we consider the
normalized auto-correlation defined as follows:

A ARk+1 _ Ry > Ry

Yy _ , 2.15
R T A (0.0,0)  [Renie (2.15)
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where | - | denotes the matrix Frobenius norm. All entries A(I,p, q) satisfies:

. 1 if (l>p> q) = (07070)7
lim

A I,p,q) ~ 2.16
o Ap,, (pyd) {o it (1, p,q) # (0,0,0) (2.16)

We can now introduce the o-independent non-negative scalar measure of 3D residual
whiteness defined as:
2
[ Ry+1 * Ri|| 7
4
| Ryl

W(Rpi1) = | Ay, |IF = (2.17)

2.3.2.2 Penalty parameter estimation

Solution @41 of (2.9) actually depends on the setting of parameter py. To devise
the parameter selection procedure, we make pj, explicit by writing @1, . In order
to automatically estimate the penalty parameter pj in (2.7a), the term |z — &>
can be viewed as a regularizer that enforces the solution &1 ,, to tend to Z. As
the restored image xy1 , tends to fit the desired target image, the related residual
image Ty41,, = Hxp41,, — ¥y tends to be close to the Gaussian noise perturbation
n in (1.1). With (2.17), we propose to estimate the optimal penalty parameter by
solving the following scalar optimization problem:

pr = arg n;in W(Tkt1,,)- (2.18)

The varying range of pj is (0,00). In practice, we substitute the co by a sufficiently
large value.

A fast golden-section search method is used for determining a local minimum
of (2.18). This method operates iteratively over an interval (a,b) and generates two
internal points:

(2.19)

where § = 0.618 is the golden ratio. As shown in Algorithm 1, whiteness criterion
W(Tk41,p,) is compared at ,0,({1) and p,(f). If it is smaller at the former point than at

the latter point, then b is substituted by p](f). Otherwise, a is substituted by p,(fl).
This procedure is repeated with the new smaller interval (a,b) until b — a < ¢ with &
a small positive threshold. Finally, the estimated optimal penalty parameter is given
by:

pr = (a+1b)/2, (2.20)

and the solution of sub-problem (2.7a) is provided by:

xpi1 = (H'H + pf1) " (H y + pf &) (2.21)
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Algorithm 1 Adaptive Penalty Parameter Estimation.

Input : Blurred observation y, internal image &, blurring matrix H.
Output : Optimal adaptive parameter p; .
Initialize a, b, €.
while b —a > ¢ do
A =t - ),

P =b—b(b—a),

if W(Tk+17p§€1)) < W(Tkﬂ,p}f))
b= p;f)a
else
1
a= p]E; )9

pi = (a+0)/2.

2.3.2.3 Stopping criterion

To take both HID performance and computational time into account, it is
important to properly set the maximum number of iterations. Iterations can be
performed until no significant improvement between two consecutive iterations is
observed. Considering the whiteness measure in (2.17), we propose to stop the
iterative process with the following normalized criterion:

[W(rk1) = W(re)ll

W(rgs1) = W(rg) or Wirn) <, (2.22)

where ( is a small positive threshold, r; and ry,; represent the residual image of
the solutions x; and xy, 1, respectively.

2.3.3 Learning spectral-spatial priors via BSDDN

Instead of using a handcrafted regularizer ®(-) and solving subproblem (2.7b)
explicitly, we propose to carry out this task with a deep neural network based denoiser.
This denoiser is trained beforehand to extract spectral-spatial prior information
from hyperspectral training observations. Then it is plugged into the iterative
algorithm to solve subproblem (2.7b). We denote this denoising operator by D(-).
As it is performed in the 3D image domain to jointly capture spatial and spectral
information, we write (2.10) as follows:

Zyi1 = D(Zy, 0p), (2.23)

Observe that D(-) is parameterized by the noise level oj. For setting it, most
existing methods use empirical strategies that may lead to under-denoising or over-
smoothing of Z % [Chen 2020]. In addition, since o) decreases as iterations progress,
some works choose to train a set of specific models that can handle different noise
levels [Zhang 2017b]. To avoid these redundant learning tasks, we shall now see how
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to design a blind 3D denoising network F(-) w.r.t. a range of oy, denoted as ¥ and
parameterized by ©(X), by considering residual learning reformulation of (2.23) as:

Zii1 = Zi — F(Z;0(%)). (2.24)

2.3.3.1 3D convolution

Unlike 2D convolution resulting in spectral information distortion, 3D convolution
extracts spatial features from neighboring pixels and spectral features from adjacent
bands, simultaneously, without compromising spectral resolution. 3D convolution
also involves fewer parameters, and it is more appropriate for hyperspectral image
processing due to the difficulty in capturing a large enough volume of hyperspectral
data. In addition, 3D convolution enables the neural network to handle HIs with an
arbitrary number of spectral bands without modifying its architecture [Liu 2019b].
In this way, there is no need to retrain a neural network when the number of spectral
bands changes. This key property allows our method to be applied to any real-world
dataset using a pre-trained neural network.

2.3.3.2 Network architecture

The B3DDN architecture is a non-trivial extension from [Zhang 2017a] to the 3D
image domain and is illustrated in FIGURE 2.1 (top). Each 3D-block contains a 3D
convolution layer (3DConv), a batch normalization (BN) layer, and a ReLU layer.
Batch normalization is used to speed up the training process as well as to boost the
denoising performance [Zhang 2017a|. Besides the input layer and the output layer, a
3D convolution layer (3DConv), a ReLU activation function layer, B 3D-blocks and
a last 3D convolution layer are sequentially connected to form the proposed network.
The last convolutional layer contains one 3D-filter while the others are composed of
32 3D-filters. The kernel size of each 3D-filter is 3x3x 3, which means that the depth
of the kernel along the spectral dimension and its size over the spatial dimension
are 3 and 3x3 respectively. Compared to existing complex network architectures
for HI denoising, BSBDDN achieves satisfactory performance with fewer parameters.
Moreover, it enables us to apply the neural network learned with simulated data, to
real data that lacks ground truth. An example is provided in subsection 2.4.4.
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Algorithm 2 Tuning-free HID with deep priors learned from B3DDN.

Input : Network parameters ©(X), blurred observation y, blurring kernel H.
Output : Deblurred HI x.
Initialize * = x(, auxiliary variable zg = xy,

scaled dual variable ug = 0, & = 0.
while Stopping criteria in (2.22) are not met do
Ty = 2 — Uy,
Estimate pj; using Algorithm 1,
wprr = (HTH + pI)" (Hy + pj@),
Zk = Tpt1 + Uk,
Zp+1 = Zy — F(Zy; 0(X)),
Uk4+1 = Uk + L1 — Zk+1,
k=Fk+1.

The number of 3D-blocks B, and the number and size of 3D filters are fine-tuned
according to empirical performance. For example, the influence of the number of
3D-blocks B is examined in FIGURE. 2.2, where the average root-mean-square error
(RMSE) value based on the test set in the CAVE dataset is used to evaluate the
denoising performance. As shown in FIGURE. 2.2, large values of B generally lead
to better results. In our deconvolution experiment, we set B = 8 as a larger value by
considering the computational cost and memory demand.

2.3.3.3 Learning strategy

The input of the proposed B3DDN is a noisy hyperspectral image z = z + n,
where n is a Gaussian noise with arbitrary standard deviation. Inspired by 2D image
denoising algorithm [Zhang 2017a], we consider the learning residual to predict the
residual error F(2;;©(X)) ~ n in our denoising network. Then we can achieve
the estimated clean image by z — F(2;0(X)). To train the blind neural network
F(-;0(%)), we use the following loss function:

(O(%)) = [F(Zm; O(X)) — (2m — 2m)1, (2.25)

where {(Z,, zm)}M_, is a training set of generated noisy-clean HI (patch) pairs with

m=1
various noise levels. Note that the ¢;-norm is used as a loss that is more robust to
noise than the f»-norm, found to provide better performance in image restoration
in the literature [Zhao 2016, Wang 2021]. After the B3DDN has been trained, it is

incorporated into the ADMM framework as a blind denoiser, yielding Algorithm 2.

2.4 Experiments

In this section, we shall conduct experiments of HID on both simulated and
real-world datasets to validate our method. The results provided by the proposed
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FIGURE 2.3 — Visual results for all methods in the blurring scenario (a) on the
CAVE dataset. The first and second rows present the results for two different blurred
images. The false color images were generated for clear visualization with the 22nd,
14th and 7th channels used for red, green and blue, respectively.

(a) (b) (C)

FIGURE 2.4 — Blurring kernels used for the experiments: ( ) are Gaussian kernels,
(d)-(f) are circle, motion and square kernels respectlvely.

method are compared with those of several HID methods from both quantitative
and qualitative perspectives. The source code and the proposed real-world data
are made available at https://github.com/xiuheng-wang/Tuning free_PnP_HSI_
deconvolution.

2.4.1 Simulation datasets and experimental setup

Two simulation datasets, on the one hand the Columbia Multispectral Database
(CAVE)? [Yasuma 2010], and on the other hand a remotely sensed hyperspectral
data over Chikusei?® [Yokoya 2016], were used to evaluate the performance of our
method.

2.4.1.1 CAVE dataset

The CAVE dataset contains 32 HIs recorded under controlled illuminations in a
laboratory. Each image has a spatial resolution of 512 x 512 pixels, over 31 spectral

2. https://wwwl.cs.columbia.edu/CAVE/databases/multispectral /
3. http://naotoyokoya.com/Download.html
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TABLE 2.1 — RMSE, PSNR, SSIM and ERGAS of the different methods applied to
the CAVE dataset in the 6 blurring scenarios.

Scenarios | Metrics | HLP SSP  WLRTR 3DFTV Proposed

RMSE 4.420 4.848 4.735 4.332 3.132
PSNR 36.166  35.373 35.872 36.450 39.252
SSIM 0.9167  0.9305 0.9380 0.9401 0.9493
ERGAS 18.15 19.51 18.96 17.34 13.01
RMSE 5.707 5.955 6.439 5.667 4.581
PSNR 34.034  33.541 33.084 34.116 36.305
SSIM 0.8911  0.9031 0.9025 0.9136 0.9234
ERGAS 22.92 23.71 25.46 22.40 18.54
RMSE 7.669 5.270 5.099 5.016 4.225
PSNR 30.599  34.309 34.827 34.741 36.211
SSIM 0.6406  0.8565 0.8956 0.8851 0.8708
ERGAS 33.49 22.28 20.80 20.47 18.64
RMSE 4.189 4.584 4.328 4.167 2.305
PSNR 36.548  35.862 36.686 36.805 41.653
SSIM 0.9165  0.9354 0.9450 0.9403 0.9542
ERGAS 17.36 18.49 17.45 16.69 9.86
RMSE 3.759 3.954 4.335 3.587 3.041
PSNR 37.149  37.160 36.497 37.991 40.722
SSIM 0.9118 0.9472 0.9428 0.9510 0.8907
ERGAS 15.94 16.01 17.46 14.37 15.56
RMSE 3.971 4.356 4.109 3.957 2.280
PSNR 36.910  36.322 37.130 37.225 41.932
SSIM 0.9195  0.9397 0.9480 0.9468 0.9475
ERGAS 16.58 17.60 16.64 15.89 9.79

(a)

The best results are indicated by boldface numbers.

channels ranging from 400 nm to 700 nm at a wavelength interval of 10 nm.

2.4.1.2 Chikusei dataset

The Chikusei dataset is an airborne hyperspectral scene acquired by a Visible
and Near-Infrared imaging sensor over agricultural and urban regions in Chikusei,
Ibaraki, Japan. The scene consists of 2517 x 2335 pixels with a ground sampling
distance of 2.5 m, over 128 spectral channels ranging from 363 nm to 1018 nm. The
black boundaries in the spatial domain were removed, leading to a scene of size
2048 x 2048 pixels.

The HIs of the two datasets were scaled to the range [0,1], and then used as
ground truths for . The observations y were generated by using the blurring kernels
H and corrupted with a white Gaussian noise n with standard deviation o, with H
and o defined as follows; see FIGURE 2.4:

(a) 9x9 Gaussian kernel with bandwidth 2, and o=0.01;

(b) 13x13 Gaussian kernel with bandwidth 3, and o =0.01;

(¢) 9x9 Gaussian kernel with bandwidth 2, and o =0.03;
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(d) Circle kernel with diameter 7, and o = 0.01;

(e) Motion kernel from [Levin 2009] of size 13x13, and o = 0.01;

(f) Square kernel with side length 5, and o = 0.01.
Note these kernels are used in the steps (2.21), but not in the training of B3DDN.
Following the previous learning-based methods for hyperspectral imaging [Wang 2021,
Xie 2020], the first 20 images were selected from the CAVE dataset for training
and the remaining 12 images were used for the test. For the Chikusei dataset, a
1024 x 2048 sub-image was extracted from the top area of the image for training while
the remaining part was cropped into 32 non-overlapping 256 x 256 x 128 sub-images
that were used as test data.

2.4.1.3 Implementation details

We implemented the proposed blind denoising network B3DDN with PyTorch
framework. The Adam optimizer [Kingma 2014a| with an initial learning rate 0.0002
and batch size 64 was used to minimize the loss function (2.25) with 500 epochs.
The weights were initialized by the method in [He 2015]. At every epoch of the
training stage, each original HI was randomly cropped into 128 and 512 patches of
size 64 x64 respectively for the CAVE and the Chikusei datasets, and each patch
was then randomly rotated or flipped once for data augmentation purposes. We used
empirical methods to determine the learning rate, batch size, and parameters used in
data augmentation. To train the BSDDN blindly, we added an i.i.d. Gaussian noise
with random standard deviation in the range ¥ = [0.2,10] to each patch.

Once the denoiser was trained, assuming that the statistics of the test images
differed from the training images, we plugged the BSBDDN into the ADMM. Since the
computational complexity of 3D discrete correlation in (2.17) can be high (O(L2N?)),
we used the fast Fourier transform (O(LN log(LN))) to compute it. Step (2.21)
was also efficiently computed in the Fourier domain. For the golden-section search
method and the stopping criterion presented in Subsection 2.3.2, we set a = 0,
b =10, € = 0.001 and ¢ = 0.0002. Note that the performance of our algorithm is not
sensitive to the settings of X, a, b, €, and (, as these parameters only pertain to the
approximate range and accuracy of oy, pg, and K. The parameters oy, pi, and K
are either determined by a measure of 3D residual whiteness or implicitly learned by
the B3DDN.

2.4.2 Quantitative metrics and baselines

In order to evaluate the quality of the deconvolution result X by comparing it
with the ground truth of X, we considered four quantitative metrics. The first one
is the Root Mean-Square Error (RMSE), defined as

1 Lo 2
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which measures the similarities between the deconvolution image and the reference
image. A lower RMSE value indicates better quality. The second metric is the
Peak-Signal-to-Noise-Ratio (PSNR):

2
PSNR = Z 10log,, [ LX)
7, 1 H X ||F

which measures the quality of the deconvolution image compared to the original
image. The higher the PSNR, the better the quality. The third metric is the average
of Structural SIMilarity (SSIM) [Wang 2004], averaged over all channels of X and
X, ie.,

L 2#2 wx, +Cl)(20iX + C9)

SSIM = —
2 'uX + ux, +C'1)(J§ +ox, -I-C2)

where e ~and px, are the mean values of images X; and X, o and ox, are

X
the standard deviations of X and X, oy %X, is the covariance of i and X,
and C7 > 0 and Cy > 0 are constants. The SSIM is an indicator of the spatial
structure preservation of the deconvolution image. A higher SSIM value indicates
better spatial structure preservation. The last metric is the Erreur Relative Globale

Adimensionnelle de Synthése (ERGAS) [Wald 2000] defined as

x|
ERGAS = 100 Z M
— mean(X;)?

which characterizes the overall quality of the deconvolution image. A smaller ERGAS
means a better result.

We compared our method with three HID methods of reference: hyper-laplacian
priors (HLP) [Krishnan 2009a|, spatial and spectral priors (SSP) [Henrot 2012],
weighted low-rank tensor recovery (WLRTR) [Chang 2020|, 3D fractional total
variation (3DFTV) [Guo 2021], each with well-designed regularizers. The HLP
considers spatial gradient priors, i.e., the hyper-Laplacian priors of images. The SSP
exploits both the spatial and spectral smoothness priors of hyperspectral images.
The WLRTR simultaneously captures non-local similarity within spectral-spatial
cubic and spectral correlation by a low-rank tensor recovery model. The 3DFTV
exploits both the local and non-local smoothness of images in all dimensions. We
used the codes provided by the authors of these methods and downloaded them,
and we tuned their parameters by following the rules as stated in the corresponding
papers to achieve the best deconvolution performance.

2.4.3 Performance evaluation on simulated data

We start validating the tuning-free scheme with the CAVE dataset by demons-
trating its effectiveness in terms of HID performance over the other methods.
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TABLE 2.2 — RMSE, PSNR, SSIM and ERGAS of the different methods applied to

the Chikusei dataset in the 6 blurring scenarios.

Scenarios | Metrics | HLP SSP  WLRTR 3DFTV Proposed

RMSE 3.233 3.050 3.138 3.207 2.560
PSNR 38.979 40.182 40.051 39.546 41.032
SSIM 0.9124 0.9334 0.9267 0.9171 0.9420
ERGAS 32.25 28.13 25.29 35.37 27.87
RMSE 3.945 3.819 4.091 4.037 3.428
PSNR 37.604 38.392 37.872 37.708 38.989
SSIM 0.8822 0.9016 0.8871 0.8819 0.9091
ERGAS 35.30 32.40 31.45 39.85 30.92
RMSE 7.094 3.506 3.777 3.662 3.413
PSNR 31.391 37.942 37.447 37.756 37.934
SSIM 0.6268 0.8839 0.8816 0.8841 0.8783
ERGAS 90.14 50.26 39.95 48.15 51.38
RMSE 3.361 2.879 2.890 3.076 2.335
PSNR 39.122 40.625 40.724 39.900 41.290
SSIM 0.9148 0.9399 0.9364 0.9228 0.9430
ERGAS 32.76 27.22 23.73 34.59 32.56
RMSE 2.960 2.436 2.790 2.797 1.995
PSNR 39.127 41.869 41.025 40.574 42.207
SSIM 0.9147 0.9558 0.9408 0.9338 0.9507
ERGAS 35.79 25.42 23.09 33.56 36.06
RMSE 2.990 2.688 2.691 2.913 2.148
PSNR 39.352 41.174 41.313 40.334 41.971
SSIM 0.9188 3  0.9456 0.9438 0.9295 0.9506
ERGAS 32.68 26.19 22.46 33.74 30.62

(a)

(e)

The best performance results are indicated by boldface numbers.
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FIGURE 2.5 — Visual results for all methods with the blurring scenario (d) applied to
the Chikusei dataset. The first and second rows present the results for two different
images. The false color images were generated for clear visualization with the 122nd,
84th and 57th channels used for red, green and blue, respectively.

FIGURE 2.6 — RMSE convergence mean curves (blue) of our method with the CAVE
dataset and blurring scenarios (a), (b) and (c). Red lines represent the iteration
number given by the proposed stopping criterion.

FIGURE 2.7 — Estimated penalty parameters pg as a function of iteration index k,
for different images of the CAVE dataset and blurring scenarios (a), (b) and (c).
Lines with different colors refer to different test images.

TABLE 2.1 reports the average values and standard deviations of RMSE, PSNR,
SSIM and ERGAS. For all blurring scenarios, one can observe that our method
outperformed all competing methods in terms of performance and robustness. For
quality comparison, consider scenario (a) for example. FIGURE 2.3 provides the
blurred image, deblurred images, ground truth of real and fake peppers (first row) and
superballs (second row) from the CAVE dataset. Visually, our method provides more
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details, including sharper edges and more vivid gloss. This confirms the effectiveness
of the proposed method in recovering the spatial information of the latent clear HIs.

We now evaluate the proposed method on remotely sensed data: the Chikusei
dataset. This dataset, with more spectral bands, allows us to analyze how our method
exploits spectral information. The mean and variance of the numerical results for
all methods in 6 blurring scenarios are provided in TABLE 2.2. It can be observed
that the quantitative metrics of our method surpass the other competing methods in
most cases. FIGURE 2.5 displays the visual results. As can be seen, the proposed
method provides results with clearer and sharper visual effects compared to the other
methods. This illustrates the superiority of our method in recovering the latent HIs
with more spectral bands.

2.4.3.1 Convergence illustration

In many Plug-and-Play algorithms for inverse imaging problems, the ADMM
is widely used as a variable splitting technique. In some works, the convergence of
Plug-and-Play schemes based on some linear denoisers, including Non-Local Means
(NLM) [Sreehari 2016] and Gaussian Mixture Model (GMM) [Teodoro 2017], has
been proved theoretically. It is difficult to prove the convergence of our method as
the B3DDN denoiser involves several non-linear operators. In practice, however, as
illustrated below, we observed that the proposed deconvolution framework shows
good convergence behavior.

FIGURE 2.6 provides the mean RMSE curves of our algorithm obtained for the
CAVE dataset in the case of scenarios (a), (b) and (c). It can be observed that the
algorithm, even with its nonlinear B3DDN denoiser, exhibits a stable and robust
convergence behavior independently of the blurring kernel and noise level. Moreover,
a low mean RMSE value was reached after few iterations, which indicates that early
stopping can be considered to limit computation time.

2.4.3.2 Behavior with respect to Plug-and-Play internal parameter esti-
mation

Deep priors that capture both the spatial context and spectral correlations of the
latent clean HIs mainly contribute to the effectiveness of our method. But the internal
parameter setting procedure and the stopping criterion also play a crucial role in
achieving satisfactory performance by yielding a good balance with the contribution
of deep priors. In contrast, observe that the automatic setting of the regularization
parameters is not implemented by the other competing methods during test.

FIGURE 2.7 shows how the penalty parameter varies along with the iterations, for
different images of the CAVE dataset, and for scenarios (a), (b), and (c). According
to the Plug-and-Play principle, the estimated noise level oy, is assumed to decrease
along with the iterations, as the reconstructed image converges to a desired point.
Therefore, the penalty parameter p, = n/07 is expected to increase [Zhang 2021]. As
can be seen on FIGURE 2.7, parameter p changes coincide with this trend for almost
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FIGURE 2.8 — Blurred images, reference images and visual results for all methods on
the real-world dataset. The false color images were generated for clear visualization
with the 38th, 24th and 10th channels used for red, green and blue, respectively.

all test images. FIGURE 2.6 shows the number of iterations K for scenarios (a), (b)
and (c). It can be observed that our stopping criterion automatically interrupts the
Plug-and-Play algorithm when it has nearly converged, which contributes to save
computation time.

2.4.4 Performance evaluation on real-world data

To validate the effectiveness of our method in real-world conditions, we collected
six unfocused HIs and the corresponding focused images for different indoor and
outdoor scenes. Specifically, as illustrated in FIGURE 2.9, the HIs of the indoor
scenes were recorded under controlled illuminations while the outdoor HIs were
captured under normal daylight illumination. To fully capture the complex blurs
caused by the imaging system, our dataset was elaborated to address hyperspectral
deconvolution problem with respect to defocus. In particular, blurred images were
obtained by making the camera out of focus while clear references were also captured
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FIGURE 2.9 — Indoor (left) and outdoor (right) experimental setups for collecting

real data.

FI1GURE 2.10 — Estimated blurring kernels in the 10th, 20th, 30th and 40th channels
of the blurred images fruit (first row) and bicycle (second row) of the real-world
dataset.

by focusing the camera. We captured these images with the GaiaField systems (see
details in [Zhao 2019]) of our laboratory at Northwestern Polytechnical University.
The GaiaField (Jiangsu Dualix Spectral Image Technology Co. Ltd., GaiaField-V10)
is a push-broom imaging spectrometer with an HSIA-OL50 lens, covering the visible
and NIR wavelengths ranging from 373.70 to 1000.90 nm, with a spectral resolution
of 4.6 nm (129 channels in total). The spatial resolution of the images is 780 x 696
pixels.

For all acquired images, we conducted a pre-processing procedure as described
in [Simoes 2015]. First, we removed over-noisy and over-exposed bands. We got 45
exploitable bands, which were normalized such that the 0.999 intensity quantile
corresponded to the value 1. Then, all HIs were denoised using the approach described
in [Roger 1996] to enhance images. Blurred images and their clear counterparts are
illustrated in the first and second columns of FIGURE 2.8, respectively. Note that
these image pairs are not strictly aligned due to multiple factors affecting the camera
mounting. The clear images were used for visual comparisons only. The blurring
kernel in each channel was estimated using the method described in [Krishnan 2011].
For illustration purposes, FIGURE 2.10 shows the kernels in the 10th, 20th, 30th
and 40th channels of the blurred images fruit and bicycle. For all experiments, we
added an i.i.d. Gaussian noise to the blurred images, with a signal-to-noise ratio
(SNR) set to 40 dB.

In real-world HID scenarios, no ground truth is available for training the B3DDN.
Benefiting from the flexibility of the BSDDN in denoising HIs of various origins
with distinct numbers of spectral bands, in this experiment we used the network
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TABLE 2.3 — Time consuming of all compared methods for the blurred image fruit
of the real-world dataset.

HLP SSP WLRTR 3DFTV Proposed

Time (sec) 9.7  622.5 10501.2 6044.4 4280.6

parameters ©(X) learned with the CAVE dataset (31 spectral bands). FIGURE 2.8
shows the deblurred images obtained with all the competing algorithms, from columns
3 to 7. It can be seen that our method still performed better, or similarly, in recovering
details compared to HLP, SSP, WLRTR, and 3DFTV, though all competing methods
only achieved limited performance probably due to deviations in estimating kernels.
This demonstrates the applicability of our method in real-world scenarios, as well as
the necessity of further investigating blind hyperspectral deconvolution algorithms.

Finally, we conducted the experiment for evaluating the running time using the
blurred image fruit from our real-world dataset. All the baselines were implemented
using MATLAB while our method was carried out using Python. We conducted
all the experiments on a server with Intel Xeon Gold 6152 CPU, 512-GB random
access memory and NVIDIA Tesla P40 GPU. Time consumption of all the compared
methods is shown in TABLE 2.3. It can be observed that our method achieves the
most competitive deconvolution results with relatively smaller computation time
when compared to WLRTR and 3DFTV.

2.5 Conclusion

In this chapter, we presented a tuning-free HID method based on the Plug-and-
Play framework. Instead of using handcrafted priors, we designed a blind BSDDN
denoiser based on deep learning to learn the spectral-spatial information of hyper-
spectral images from data and plugged it into an ADMM optimizer. The internal
parameters were automatically estimated by a measure of 3D residual whiteness
and learned by the BSDDN during iterations. Experimental results demonstrated
that the proposed method cannot only effectively handle various simulated blurring
settings but can also be applied to real-world scenarios. In the future, we will address
blind HID and computational cost reduction to further enhance the applicability of
our method in real-world scenarios.
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3.1 Introduction

Another degradation phenomenon mentioned in Chapter 1 is that the high
spectral resolution of HIs limits their spatial resolution because of hardware limi-
tations [Shaw 2003]. In contrast, multispectral cameras can achieve a much higher
spatial resolution but over a small number of spectral bands. Consequently, a strategy
to improve the spatial resolution of HIs is to fuse them with MIs of the same scene.
This results in the hyperspectral and multispectral image fusion (HMIF) problem.

Several strategies have been proposed to solve the HMIF problem. These strategies
can be roughly divided into component substitution or multiresolution analysis
methods, matrix or tensor factorization methods, and deep learning approaches.
Component substitution or multiresolution analysis methods aim to substitute some
patterns of the HI, high-frequency ones in particular, by information extracted from
the MI [Yokoya 2012, Liu 2000, Aiazzi 2006]. These techniques employ different
representations of the images, e.g., in the wavelet domain, which are also used for
pansharpening [Vivone 2018, Loncan 2015].
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Subspace-based formulations have become very popular to address HMIF pro-
blems since they significantly reduce their dimensionality [Yokoya 2012, Simoes 2015].
They also have a close connection with the widely used linear mixing model [Ke-
shava 2002, Dobigeon 2013|, which represents each pixel of an HI as a linear combi-
nation of a small number of spectral signatures. Several subspace-based formulations
have been proposed, often employing prior information about the basis vectors or their
contributions in the decomposition, to improve the results. Examples include sparse
dictionary learning [Wei 2015a, Akhtar 2015] or matrix factorization |Yokoya 2012| ap-
proaches, which can use, e.g., spatial [Simoes 2015| and sparse [Kawakami 2011, Lana-
ras 2015] regularizers or patch-level processing [Veganzones 2016]. Efficient algorithms
also convert this problem into solving a Sylvester equation [Wei 2015b]. Some ap-
proaches have considered the manifold structure of the image patches [Zhang 2018b)].
Other approaches have explored the representation of Hls and MIs as three dimen-
sional tensors [Kanatsoulis 2018, Li 2018, Prévost 2020]. Low-rank tensor models
have been used to represent the high-resolution images (HRIs), such as the canonical
polyadic decomposition [Kanatsoulis 2018|, the Tucker decomposition [Li 2018, Preé-
vost 2020, Borsoi 2021e|, and the block term decomposition [Ding 2020].

Deep learning approaches have recently become very popular for HMIF [Li 2022,
Yao 2020, Zhang 2020b|. These approaches leverage the capability of neural net-
works to represent complex signals and images. Farly supervised approaches were
based upon classical neural network architectures used in image processing such
as 3D convolutional neural networks (CNN) [Palsson 2017], while more recent me-
thods explore physical acquisition models to design architectures with improved
interpretability [Chen 2022], e.g., incorporating CNN results as priors in model-
based frameworks [Dian 2020, Wang 2021| or using architectures inspired by un-
rolling principle [Xie 2020]. However, the scarcity of training data with ground
truth has motivated the development of unsupervised approaches, that depend
only on the observed HI and MI. Examples include the use of autoencoders with
shared weights [Qu 2018, Liu 2022, Wang 2020c|, and approaches based on deep
image priors |[Ulyanov 2018|, which parameterize the HRI as the output of a
neural network and train the latter using different options for the network in-
puts [Zhang 2020a, Wei 2020b].

Although different strategies have been investigated to solve the HMIF problem,
these methods assume that the observed HI and MI are acquired at the same
time instant and under the same conditions. However, platforms carrying both
hyperspectral and multispectral imaging systems are still limited [Borsoi 2020]. On the
contrary, due to the wider availability of satellites with multispectral sensors, e.g., the
Sentinel, Landsat and Quickbird missions, it has become of great interest to fuse Hls
and MIs acquired at different time instants by different instruments [Yokoya 2017b].
When applied in these realistic conditions, most existing methods suffer from severe
limitations as they ignore variability between the HI and MI. Inter-image variability
includes localized spatial and spectral changes and can occur due to differences
in acquisition conditions caused by, e.g., atmospheric, illumination or seasonal
variations [Borsoi 2021d|, as well as abrupt changes [Liu 2019a].
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To tackle this issue, several HMIF frameworks addressing inter-image variability
have been recently proposed [Borsoi 2020, Borsoi 2021e, Prévost 2022, Borsoi 2021a,
Brezini 2021, Camacho 2022, Fu 2021]. A detailed review of these methods is
provided in Section 3.2. These methods formulate the HMIF problem with a key
difference when compared to the original approaches: the HI and the MI are assumed
to be generated from distinct HRIs, which are allowed to be different because of
spatially homogeneous variations [Borsoi 2020, Prévost 2022| or spatially localized
ones [Borsoi 2021e]. However, considering inter-image variability renders the HMIF
problem significantly more ill-posed, which makes the use of appropriate prior
information about the HRIs very important in order to achieve good performance.

Existing HMIF works that consider inter-image variability rely on handcrafted
priors, such as low-rank matrix [Borsoi 2020] or tensor [Borsoi 2021e, Prévost 2022]
decompositions. However, these priors are not adequate to model complex contents
embedded in real HIs. Without considering inter-image variability, this issue has
been addressed in the HMIF problem by exploring the powerful representation
capability of deep learning methods, as noted by various recent works on this topic.
Nevertheless, devising learning-based approaches to address inter-image variability
in HMIF incurs additional challenges, first because very little data is available
for training. Indeed, since inter-image variability originates from complex physical
phenomena, it is difficult to generate realistic synthetic data to be used for training
even if HIs of a single scene are available. This makes learning an end-to-end mapping
from an HI and an MI to the HRIs unfeasible.

Recently, deep image priors [Ulyanov 2018] and plug-and-play strategies [Venkata-
krishnan 2013] have been used to introduce prior information with either pre-trained
or unsupervised neural networks. However, adequately addressing inter-image va-
riability requires considering two different HRIs, underlying the HI and the MI,
respectively. Thus, directly exploiting such strategies to address inter-image variabi-
lity in HMIF is not very effective since: 1) existing strategies in this category would
fail to account for the joint prior information between the two HRIs, and 2) each of
the images can have distinct statistical properties, which makes obtaining adequate
priors more difficult. Moreover, although deep image priors are unsupervised |Ulya-
nov 2018|, they require careful setup of the network architecture and the number of
stochastic gradient iterations to produce reasonable results. It must be noted that
these challenges related to the lack of training data and the corresponding difficulty
in learning priors of the scene of interest are also encountered more generally in
HMIF, i.e., even when inter-image variability is not present.

In this chapter, we propose a new image fusion method accounting for inter-
image variability between Hls and MIs which addresses the aforementioned challenges.
First, to adequately represent the image-specific information as well as the joint
prior information between the two HRIs, we propose a mixture distribution that
accounts for the leptokurtic nature of the inter-image variations while, at the same
time, represents complex image content by implicitly exploiting learning-based image
priors. An iteratively reweighted optimization strategy is then proposed, and the
regularization by denoising (RED) [Romano 2017] framework is employed to implicitly
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introduce prior information about the HRIs by means of denoising engines, one for
each latent HRI. The denoisers are trained using a zero-shot strategy [Shocher 2018]
and adapted during the optimization process, which allows them to account for the
content of each individual HRI. The proposed algorithm is called Deep hyperspectral
and multispectral Image Fusion with Inter-image Variability (DIFIV). Experiments on
data with real inter-image variability demonstrate the superiority of DIFIV compared
to other state-of-the-art methods. The contributions of the chapter are summarized
as follows.

— A general imaging model is formulated, where the inter-image variations of
the HRIs are modeled by a hyper-Laplacian distribution to account for the
joint image content, while the image content specific to each HRI is learned
by two distinct deep CNNs.

— To solve the non-convex, non-smooth HMIF optimization problem, a variable
splitting strategy is combined with an iteratively reweighted scheme to tackle
the difficulties introduced by both the hyper-Laplacian and deep priors, which
are defined implicitly based on CNN denoisers under the RED framework.

— We use a zero-shot strategy inspired by [Shocher 2018] to learn the CNN
denoisers based only on the observed HI and MI. Moreover, unlike the original
use of zero-shot methods for single image restoration, the denoisers are
trained iteratively during the optimization process based on the currently
estimated HRIs. This allows the learned priors to represent the individual
information in each of the HRIs adaptively while incorporating at the same
time information from both low resolution images as the method converges.
Furthermore, the architecture of CNNs is made lightweight by considering
separable convolutions and a low-rank representation of Hls to yield a small
number of network parameters.

The chapter is organized as follows. In Section 3.2, the HI and MI observation
processes are presented, as well as a review of recent methods considering inter-image
variability. Section 3.3 formulates a new model and introduces the proposed method.
Experimental results with data containing real inter-image variability are given in
Section 3.4. Finally, Section 3.5 concludes the chapter.

3.2 Image Fusion with Inter-image Variability

Let us denote an HI with L, bands and N pixels by Y}, € R/»*N and an MI
with L,, bands and M pixels by Y, € RE»*M where L,, < L, and N < M.
These images are assumed to be degraded versions of a pair of underlying HRIs
X € REXM and X, € REn*M with high spatial and spectral resolutions, which
are related according to the following model:

Y,=X,FD+ Ny,

(3.1)
Y,, = RX,, + N,
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F1GURE 3.1 — Top panel: Overall illustration of the proposed Deep hyperspectral
and multispectral Image Fusion with Inter-image Variability (DIFIV) method: the
HRIs underlying the HI and MI (X, and X,,) are initialized (Init.), with interpola-
tions of observed images (Y} and Y,,), and then used to compute the inter-image
variability weighting term W and to update the CNN-based denoisers; afterward,
these are used to re-compute the HRIs using a conjugate-gradient based algorithm;
this process is repeated iteratively until convergence. Bottom panel: The neural
network architecture of our CNN-based denoising engine (S-Conv, BN, and ReLLU
stand for separable convolution, batch normalization and rectified linear unit layers,

respectively).



42 Chapter 3. Deep HMIF with inter-image variability

in which matrices F € RM*M and D € RM*N represent optical blurring and
spatial downsampling occurring at the hyperspectral sensor, respectively; The matrix
R € RIm>*Lr contains the spectral response functions (SRF) of the multispectral
instrument, and N, € RE-*N and N, € RE»*M denote additive noises.

In this setting, the image fusion problem consists of recovering the HRIs X and
X, given the observations Yj and Y,,. Most of the previous methods consider that
Y} and Y, are degraded from the same source, i.e., X, = X,,, which intrinsically
assumes that they are acquired under the same conditions, e.g., by sensors on board
a single satellite. However, due to the wider availability of satellites equipped with
multispectral sensors, it is of great interest to fuse HIs and MIs acquired by different
instruments at different time instants [Yokoya 2017b|. In that case, by assuming that
X = X, most existing methods ignore variabilities between the HI and MI, which
can occur due to differences in acquisition conditions caused by, e.g., atmospheric,
illumination or seasonal variations [Borsoi 2021d|, or abrupt changes [Liu 2019a).

Recently, image fusion frameworks addressing inter-image variability have been
proposed in [Borsoi 2020, Borsoi 2021e, Prévost 2022, Borsoi 2021a, Brezini 2021,
Camacho 2022, Fu 2021|. Such methods estimate both HRIs X, and X, by using
different assumptions to model both the images and the inter-image changes. The
first method to address this problem was FuVar [Borsoi 2020]. It considers that the
HRIs satisfy the linear mixing model (LMM) [Keshava 2002|, but with a distinct set
of spectral basis vectors for each image:

X, =MuA, X,=M,A, (3.2)

where M, and M, € REr*E denote the set of spectral basis vectors related to the
HI and MI, respectively, and A € RE*M their corresponding spatial coefficients. Note
that M and M, are associated with the spectral signatures of the pure materials
(i.e., the endmembers) in the HI and MI, respectively. FuVar considers M, and M,
to be related to one another through a set of smooth multiplicative scaling factors
® € RE#*R [Imbiriba 2018):

M, =M,0%, (3.3)

where ® denotes the Hadamard product. Thus, this model successfully accounts for
changes in the spectral signatures of the endmembers between the HI and the MI,
which can occur when the materials are affected by seasonal variations or when the
MI is affected by uniform changes caused by, e.g., different illumination conditions.
However, the coefficients A shared by both images limit the capability of FuVar to
represent inter-image changes in the spatial domain.

This limitation has been addressed by considering spatially and spectrally lo-
calized inter-image variations through an additive model in a tensor-based frame-
work [Borsoi 2021e|. This latter work considers a model of the form:

Xy, X=X+, (34)

where ¥ e RL*M denotes a set of additive variability factors. Both the HRI
X, and the variability ¥ are assumed to admit a Tucker tensor decomposition
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with low multilinear ranks [Sidiropoulos 2017]. This reduces the dimensionality of
the problem and allows theoretical identifiability and recovery guarantees to be
obtained [Borsoi 2021e].

A related work proposes to jointly address the image fusion and hyperspectral
unmixing problems in the presence of inter-image spectral variability [Prévost 2022].
This consists of the recovery of both the HRIs and the spectral signatures of the
endmembers and their abundances. An LL1 tensor model is considered, which is
closely related to the LMM in (3.2) but involves an additional low-rank assumption
on the coefficient maps A that allows theoretical identifiability results to be derived.
Other works propose to consider intra-image variability by extending the LMM to
consider spatial endmember variability, i.e., variability within a single image [Bre-
zini 2021, Camacho 2022|. Another work considers a robust version of the data
fidelity term related to the MI in the cost function to reduce the impact of possible
changes or outliers in the image fusion process [Fu 2021]. However, these methods
still assume that the HRIs underlying the HI and the MI are equal.

Despite the success of these approaches in addressing the inter-image variability
problem, they all rely on handcrafted priors for the HR images X, and X, which
limits their capability of representing realistic and complex image content. In this
work, we propose an image fusion method that leverages the expressive power of
CNNs in order to construct accurate image priors for the HRIs while accounting for
inter-image variability, as detailed in the following section.

3.3 Proposed method

The proposed image fusion method is based on three important axes/contributions:
1) an imaging model that incorporates inter-image variability with learned image
priors, 2) an optimization scheme that can handle these flexible penalties, 3) a
lightweight unsupervised (zero-shot) scheme to iteratively learn deep priors of the
latent HRIs during the reconstruction process. The proposed image fusion method is
presented through four steps. First, we present the imaging model in Subsection 3.3.1
and formulate the optimization problem. In Subsection 3.3.2 we describe an itera-
tively reweighted scheme to optimize the cost function. The optimization steps, as
well as the integration of deep priors, are described in Subsection 3.3.3. We then
address the design of CNN architecture and its image-adapted training strategy in
Subsection 3.3.4. An overall illustration of the proposed DIFIV method is shown in
FIGURE 3.1.

3.3.1 The imaging model

Using a probabilistic framework, the HMIF problem can be formulated as the
recovery of the mean or mode of the posterior probability density function (PDF)
P(Xny Xm|Yh, Yy) of both HRIs given the LR observations. Using Bayes theorem,
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this PDF can be written as:
p(Xh7 Xm|Yh7 Ym) o p(Yh|Xh)p(Ym|Xm)p(Xm, Xh) ) (35)

where we assumed the HI and MI to be conditionally independent given their
high-resolution counterparts.

The likelihoods of the observed images Y} and Y, can be written according
to their data generation process in (3.1). More precisely, assuming the elements
of Nj and IN,, to be i.i.d. Gaussian random variables with variance O'}Ql and 0,271,
respectively, the conditional distributions of Y, and Y, in (3.5) are given by:

p(Yu|Xy) = MN(X,FD, oI, IN), (3.6)
p(Yu| X m) = MN(RX p, 0211, ,Iy), (3.7)

where MN (Y, 3,,X.) denotes the matrix normal distribution with mean matrix Y
and row and column covariance matrices X, and X, respectively [Wei 2015b].

The challenging question concerns how to meaningfully define the joint prior

p(Xm, X 1) for both HRIs. This question is not trivial when the images differ due to
acquisition conditions or seasonal variations. A simplistic possibility is to consider
the images to be independent and to use priors used for super-resolution without
variability, such as low-rank matrix and tensor models [Yokoya 2012, Kanatsoulis 2018,
Prévost 2019], piecewise-smoothness [Simoes 2015] or learned deep priors [Wang 2021,
Dian 2020, Wang 2022b|. However, the images X, and X} are observations of the
same scene, and thus are strongly dependent. Considering this, we can state the
following desirable properties for p(X,,, X}):

— Apart from possible smooth inter-image variations (such as, e.g., illumination
or atmospheric changes, which tend to impact the images uniformly [Bor-
soi 2021d]), changes between X,, and X, are generally small and sparse;
high magnitude changes are concentrated in a relatively small number of
pixels and bands |Liu 2019a).

— The prior should promote images X, and X which are statistically similar
to real hyperspectral images (e.g., they can be well represented by learned
priors).

To achieve the above desiderata, we consider a mixture distribution, given by:

T] ,n n
log p(Xm, Xp) _210;”:’5}(16 )_5%, )‘p

- nm¢m(Xm) - nh¢h(Xh> ) (3'8)

for 0 < p < 1, where (524’”) and 6% denote the (¢,n)-th locations of a high-

pass spatio-spectral filtered version of X} and X,,, which are denoted by Aj and
A, respectively. We assume this filtering to be computed through an operator G
satisfying Ay = G(X1), A = G(X 1), and in vector form as vec(Aj) = G vec(X},)
and vec(A,,;,) = G vec(X,,) where G is the matrix form of G. One natural example
for G is the spatio-spectral gradient operator, e.g. Laplacian filter. Parameters 7,
nm and 7y are regularization parameters.
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The first term with 0 < p < 1 rather than p = 2 in (3.8) corresponds to an
i.i.d. hyper-Laplacian distribution for the difference between the filtered HRIs [Krish-
nan 2009b], which has also been previously used to represent the gradient of the HRI
in image fusion [Peng 2021|. This distribution is effective for modeling leptokurtic
(i.e., heavy-tailed) distributions such as images |Krishnan 2009b|. This can represent
an important characteristic of the inter-image changes since these can be restricted
to a comparatively small number of pixels and are concentrated at low-frequency
spatial content [Borsoi 2018]. The functions ¢p(+) and ¢, (-) encode prior knowledge
about each HRI, and will be learned implicitly by using deep CNNs.

Note that the prior in (3.8) also corresponds to a model for the inter-image
variability, which can be written as:

Xpm=Xp+W,. (3.9)

What is distinctive in (3.9) when compared to the model in (3.4) is how prior
information is chosen. The prior for the inter-image variability term WA cannot be
written in an analytical form; instead, its properties follow from the interactions of
the different terms in (3.8). The first term encourages the inter-image variability
WA to have small and sparse gradients. The last two terms employ CNNs that can
incorporate realistic prior information about each of the HRIs, and only constrain
W A indirectly through its effect on X,, and X3,

Given this model, the image fusion problem then consists of finding the HRIs X
and X ,,, which maximize the logarithm of the posterior distribution p(Xp, X |Yh, Yim)
defined in (3.5). This corresponds to the following optimization problem:

1 1
min §|\Yh - X, FD|% + 5HYm — RX,,|%

X Xm
+ nh¢h(Xh) + nm¢m(Xm)
+ 21G(Xn) = G (X} (3.10)
where | - [, is the entrywise L, matrix norm, satisfying |G(X ) — G(Xn)|h =

Z&n |5,(f’n) — 5%’n)|p. The spatial and spectral priors of X,,, and X, are encoded in
on(Xp) and ¢, (X)), respectively.

3.3.2 An iteratively reweighted update scheme

Optimizing the cost function in (3.10) is challenging. Apart from the image priors
on(+) and ¢y, (+) that will be defined in the sequel, the inter-image prior term (i.e.,
the last term in (3.10)) is, in general, a non-convex and non-smooth function of both
X, and X, which is not straightforward to optimize. To address this problem, we
consider an iteratively reweighted optimization strategy |[Lu 2014, Ammanouil 2014].
First, note that the last term in (3.10) can be written as :

SO~ 4P = S — s
In In

: (3.11)
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where the weights wy,, are given by
we = 3" = SR (3.12)
Since wy,, = 0, (3.11) can be expressed as:

w0 = 6P = W (Ar - A3 (3.13)
n

where W is a matrix whose (¢,n)-th entry is given by ,/we,, and © denotes the
Hadamard product.

When matrix W is fixed given X}, and X, (3.13) becomes a quadratic function
of the HRIs, which can be effectively optimized. The nonlinear dependency of W on
X, and X, will be resolved by using an iterative strategy: first the cost function is
optimized considering W fixed to obtain X and X,,, and afterwards W is updated
according to an approximate version of (3.12) by using the values of X, and X,,
computed from previous iteration [Lu 2014]. This leads to the following iterative
procedure, which is repeated until convergence:

1) For a fixed W, compute X} and X,, by solving the following optimization
problem:

1 1
i Y, — X,FD|% + =|Y,, — RX,,|*
X, X8 AL 2H h h Hp+2ll m ml 7

(X 1) + b (Xn) + LW © (A = A)lF (3.14)
st. A =G(Xp), Ay =6G(Xm) .

2) Update the entries of W according to
wep = (|85 = 6LM| 4 )72, (3.15)

where € > 0 is a small constant included in (3.12) to ensure the numerical stability
of the algorithm.

3) Return to step 1) and repeat until convergence.

This strategy is efficient in solving sparsity-regularized optimization problems [Dau-
bechies 2010]. Moreover, iteratively reweighted optimization schemes have been shown
to converge to a local stationary point under relatively mild conditions [Lu 2014].
The main limitation of this scheme is the assumption that |5,(f’n) —5%m) |2=P (which is
equal to wy,, ') is nonzero, though this limitation is addressed in (3.15) with e. When
this expression approaches zero during optimization, wy, becomes excessively large,

causing the term ’5;(f’n) _57(72,71) 2

in the cost function (3.14) to approach zero. Neverthe-
less, despite this limitation, it has been employed for sparse unmixing [Zhang 2018¢|
due to the convenience it offers in optimizing the cost function.

In the following subsection, we shall focus on the minimization problem (3.14).
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3.3.3 The optimization problem

Handcrafting powerful regularizers ¢, (X},) and ¢, (X ,,) along with solving the
associated optimization problems efficiently is not a trivial task. In this subsection,
we propose to learn the image prior directly from the observed data and incorporate it
into the model-based optimization (3.14) to avoid designing regularizers analytically.

First, by introducing two auxiliary variables, Z, = X} and Z,, = X,,, pro-
blem (3.14) can be rewritten equivalently as:

1 1
min Y, — X FD[} + 5[V — RXul} + ZIW © (A — Al

+ & (Zm) + nndn(Zn) (3.16)
st. Zy=Xp, Zym=Xm, A = Q(Xh), A, = Q(Xm),

where Q = { X, X, Zp, Zim, Ap, Ay} By using the half-quadratic splitting (HQS)
approach [Geman 1995|, we can decouple the data fidelity and regularization terms
in (3.16) and write this cost function as:

Lo(Xo X Z Zn) = |V~ X F DI+ 5|V~ RX
+ 2 W O (G(Xn) — G(Xm)}
+ 21X = Zallt + 51 X0 - 20l (3.17)
+ m®m(Zm) + 1ndn(Zn) ,

with p € R4 the penalty parameter. In the following, we consider a block coordinate
descent (BCD) strategy and minimize £, with respect to each variable, one at a
time.

Optimization w.r.t. X: This optimization problem can be written as:

1
min 5 |¥y — X4 FD[} + 5 [W © (G(Xn) ~ (X)) i
+ 21X - ZlE (3.18)

By taking the derivative of the cost function in (3.18), setting it equal to zero and
using the vectorization property of matrix products, we obtain:

—[(FD) ®1]" ( vee(Yy) — [(FD)T &1 vec(Xh))
+1,GT Diag(vec(W))*G(vec(X ), — X)) + pvec(X), — Z;) = 0. (3.19)
Using the properties of the Kronecker product, this equation can be written as:
([(FD)(FD)T ® I] + 1,GT Diag(vec(W))2G + pI) vee(X 1)

=[(FD)'® I]T vec(Yy) + 1,G' Diag(vec(W))2G vec(X )
+ pvec(Zy,), (3.20)
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which is a linear system of equations. However, solving this system directly is
prohibitive due to its large dimension. Since the matrix on the left-hand side is
symmetric positive-definite, we propose to solve this problem using the conjugate
gradient (CG) algorithm, which requires only matrix-vector products that can be
implemented implicitly and more efficiently.

Optimization w.r.t. X,,: This optimization problem can be written as:

1 N
min o |V — RX |7+ 7 |W O (9(Xn) = G(Xm)) 7
p
+ §HZm_XmH% (3'21)
Following the same steps as for problem (3.18), we obtain:

([I ® R"R] + ,G" Diag(vec(W))2G + pI> vee(Xm)

=[I® R]T vec(Yy) + n,G' Diag(vec(W))2G vec(X )
+ pvec(Zy,) . (3.22)

Considering that the matrix on the left-hand side is symmetric positive-definite, the
CG algorithm is used to solve this problem.
Optimization w.r.t. Z;: This optimization problem can be written as:

min 2, — Xl +mén(Zn) (3.23)
As discussed above, designing accurate handcrafted regularizers for ¢,(Zp) may
be complicated. To address this issue efficiently, we propose to use a strategy that
leverages a CNN denoiser. Popular strategies are the Plug-and-Play framework [Venka-
takrishnan 2013] and the Regularization by Denoising (RED) scheme [Romano 2017].
In this work, we consider the RED strategy since it is associated with an explicit
optimization objective and because it was experimentally shown in [Romano 2017]
to have more stable convergence and robustness in relation to the selection of hyper-
parameters when compared to Plug-and-Play methods. Consider denoising an HI
Z, we define the CNN denoiser as D(-). RED framework defines ¢y(+) as the inner

product between an image and its denoising residual:
1
0n(Z) = (2.2 -D(2)), (3.24)

where (-, -) denotes the inner product. This can be interpreted as an image-adaptive
Laplacian regularizer. Using (3.24), the optimization problem (3.23) becomes

: h
min 22, - X,3 + 242, 2, - D(2)). (3.25)
Z, 2 2
Taking the derivative of the cost function and setting it to zero, we obtain:

p(Zn — X ) + (2 — D(Zy)) = 0. (3.26)
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To solve this equation, a fixed-point iterative update is used, leading to the following
recursive update equation:

ZWY - (,X, +n,D(ZP)). 3.97
h o+ (P n+ mD( h )) ( )

where Z,Ei) denotes the solution Z; at the i-th iteration.
Optimization w.r.t. Z,,: Following the same strategy as above, we obtain:

1

Z(’H—l) _
" P+ Nm

(X + 1 D(ZD)) (3.28)

Note that we only use a single step for the fixed point iteration in (3.27) and (3.28)
for computational efficiency.

3.3.4 Learning deep priors via image-specific CNNs

Generally, function D( -) can be any off-the-shelf denoiser. This offers the oppor-
tunity of incorporating a fast CNN denoising engine with powerful prior learning
ability into physical model-based iterative optimization procedure [Chen 2022|. Ho-
wever, there are three main challenges in using CNN denoisers to learn priors for
hyperspectral images in RED or Plug-and-Play frameworks [Dian 2020, Wang 2020a]:
First, there is a limited amount of data available for training; second, there is an
even greater scarcity of labeled training data; third, the noise level of the HRI to be
denoised in (3.27)-(3.28) changes over the BCD iterations as the method converges.
To overcome each of these challenges, we propose a lightweight, unsupervised and
image-specific CNN denoiser, which is detailed in the following.

Lightweight network architecture: To overcome the limited number of avai-
lable data to train efficient CNN denoisers, a lightweight architecture with fewer
parameters needs to be considered in the network design. In this work, two strategies
have been considered to lighten network architecture, namely: 1) dimensionality
reduction of the input image, which reduces the number of CNN filters, and 2)
separable convolutions [Howard 2017|, which reduces the filter volume (i.e., the
number of parameters of each filter).

We considered the DnCNN [Zhang 2017a] as a backbone in network design. For
color (i.e., RGB) images, each layer of DnCNN contains 64 filters. Directly using
this network architecture to denoise an HI Z with Lj; channels would approximately
lead to the use of 64 x L;,/3 filters in each layer, leading to a very large number
of parameters. This increase in the number of network parameters makes it hard
to train since the amount of training data is usually very limited. Considering
that the spectral channels of Z are highly correlated and contain highly redundant
information, we can assume that there exists a subspace of dimension much lower
than Lj which captures all the information of Z [Wei 2016]. This allows us to write
Z using a low-rank representation as:

Z=UV, (3.29)
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where U € REv*!n (I, « L,,U'U = I) and V € R»*M are the subspace matrix
and the representation coefficients, respectively. Small values of lj, correspond to data
description in a low-dimensional space. Employing such dimensionality reduction in
the CNN denoising engine has a core benefit. It decreases the number of filters by a
ratio of I,/Ly in each layer by removing the burden of learning information that is
redundant across spectral channels.

To reduce filter volume, we use separable convolutions to further lighten the
backbone architecture as in [[mamura 2019]. In particular, the core idea of separable
convolution is decomposing a convolution filter with 3 x 3 x Depth parameters into a
depth-wise filter with 3 x 3 x 1 parameters and a point-wise filter with 1 x 1 x Depth
parameters, where Depth is the input depth of this CNN layer. This reduces the
number of parameters by a rate of 1/Depth+1/(3 x 3). Thus, the lightweight DnCNN
contains three kinds of operators: 3 x 3 separable convolution layers (S-Conv), rectified
linear units (ReLU) and batch normalization (BN). ReLU is the activation function
while BN is used to accelerate the training speed. In the network architecture, the
first layer is “S-Conv + ReL.U”, the hidden layer is “S-Conv + BN 4 ReLU” and the
last layer is “S-Conv”. This network architecture is illustrated in the bottom panel of
FIGURE 3.1. Furthermore, we adopt the residual learning strategy in [Zhang 2017a)
to predict the residual image before achieving the estimated clean image.

With these two strategies, the number of network parameters can be significantly
reduced with a ratio of (I,/Ly,) % (1/Depth + 1/(3 x 3)), which is key to allowing the
denoising engine to learn a powerful prior from a small training set.

Zero-shot training strategy: In many real-world scenarios, training data with
paired noisy and clean images related to the scene of interest are not available.
Moreover, using synthetic training data or images from different sites may lead to
the so-called domain shift, where the model does not perform well due to differences
between the statistical distribution of training and test data [Dian 2020, Wang 2020a].
Therefore, it is desirable to consider a training strategy that is zero-shot [Glasner 2009,
Shocher 2018, that is, which is unsupervised and uses only the information of the
observed noisy HI and MI pair itself for training.

Thus, we propose to leverage the information inside a single image to train
the CNN denoiser. Natural images have significant information redundancy across
different spatial positions and scales, which has been successfully exploited in single
image restoration algorithms [Glasner 2009]. Consider the CNN-based denoiser
CNN( -; ©) with network parameters ©, and an observed noisy image V' generated
following the degradation model V' = V# + N, where N is i.i.d. Gaussian noise
with a standard deviation o. CNN(-;©). To learn the CNN denoiser CNN(-; O), we
make the important assumption that the set of parameters © which allow V# to
be recovered from V', are the same as those which allow CNN(-;©) to recover V
from V + IN. This assumption has been used to learn image-adapted CNNs for
super-resolution in [Shocher 2018]. It allow us to train the denoising engine CNN( - ; ©)
using the image pair (V + NN, V') by minimizing the following ¢;-norm loss function:

{(©) = |CNN(V + N;0) — V||;. (3.30)
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Algorithm 3 The Proposed CNN-based denoising engine.

Input: Noisy image Z and subspace dimension Ij,.
Output: Denoised image D(Z).
Find U and V in (3.29) using the (truncated) SVD of Z.
Optimize © by minimizing (3.30) with back-propagation.
Denoise V' with © as CNN(V'; ©).
Transform CNN(V';©) to D(Z) = U CNN(V; O).

Note that the noisy-clean image pair (V' + N, V) is generated by adding Gaussian
noise with standard deviation o to the observation V. We adopted the method
described in [Donoho 1994| to estimate o in each channel of V. In (3.30), the ¢1-
norm is used as a loss that is more robust to noise than the £5-norm, found to provide
better performance in image restoration in the literature [Zhao 2016, Wang 2021].

The procedure for learning the proposed CNN-based denoising engine is summa-
rized in Algorithm 3. Note that the training procedure considers the entire image,
V. However, for large images, other learning objectives that decompose the image
into different patches or across multiple scales can provide ways to parallelize the
training procedure, which might reduce the execution times.

Image-specific prior learning: Since there exist some inter-image variations
between V' and V,,, we considered to train two independent denoising engines
CNN( - ; Op) and CNN( - ; ©,,) to denoise Z;, and Z,,, respectively. This leads to different
denoising engines, which can be expressed by substituting D by Dy, in (3.27), and by
D, in (3.28).

In general, the equivalent noise levels of Z;, and Z,, decrease over the block
coordinate descent (BCD) iterations since the reconstructed images get closer to the
ground truth. Thus, CNN(-;©;,) and CNN(-;©,,) should have the ability to tackle
multiple noise levels. To address this issue, we propose a strategy that adaptively
updates network parameters O and ©,, to learn an image-specific prior at each BCD
iteration. This is performed by re-training CNN( -; ©5) and CNN( - ; ©,,) to denoise the
estimates of the HRIs at the current BCD iteration. To make the algorithm faster,
we consider training CNN( -;©p,) and CNN( - ; ©,,) in the first BCD iteration and then
fine-tune them in all the remaining iterations.

Overall, after overcoming the discussed challenges with the above strategies, the
denoising engine in Algorithm 3 is incorporated into the model-based optimization
procedure described in Subsection 3.3.3. The overall DIFIV strategy is described in
Algorithm 4.

3.4 Experiments

In this section, the effectiveness of the proposed DIFIV method is illustrated
through numerical experiments considering two categories of real data, i.e., observed
images with moderate and significant inter-image variability. The results provided by
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Algorithm 4 Deep Hyperspectral and Multispectral Image Fusion with Inter-image
Variability (DIFIV).

Input: Y}, Y,,, F, D, R, paramters p, n,, Nh, m, p-

Output: The estimated high-resolution images X h X m-
Interpolate Y3 and Y, as ?h and f’m, respectively.
Initialize Xp, = Z, = Y}, and X, = Zn = Y.
Initialize W using (3.12).
while stopping criteria are not met do

Calculate X}, by solving (3.20) via CG algorithm.
Calculate X, by solving (3.22) via CG algorithm.
Update W using (3.12).

Learn deep priors via denoising Zj;, with Algorithm 3.
Update Z;, via (3.27).

Learn deep priors via denoising Z,, with Algorithm 3.
Update Z,, via (3.28).

the DIFIV method are compared with other state-of-the-art hyperspectral and mul-
tispectral image fusion methods from both quantitative and qualitative perspectives.
The code is made available at https://github.com/xiuheng-wang/DIFIV_release.

3.4.1 Baselines and experimental setup

We compared our method to nine other techniques, namely: the matrix factorization-
based methods HySure [Simoes 2015] and CNMF [Yokoya 2012|, tensor-based image
fusion methods STEREO [Kanatsoulis 2018] and SCOTT [Prévost 2020], the mul-
tiresolution analysis-based GLPHS algorithm [Aiazzi 2006], and the unsupervised
deep learning based algorithm PAR [Wei 2020b]. We also considered approaches
accounting for inter-image variability, including FuVar |[Borsoi 2020|, GSFus [Fu 2021]
and CB-STAR [Borsoi 2021¢|. In this study, three real data sets with moderate
variability, namely, the Ivanpah Playa, the Lake Isabella and the Lookwood, and
three real data sets with significant variability, namely, the Lake Tahoe A and B, and
the Kern River, were used to evaluate the performance of each method. These data
sets contained one reference HRI X5, and an MI Y, acquired by the AVIRIS and the
Sentinel-2A instruments, respectively, with a pixel of 20m resolution [Borsoi 2020).
The HI and MI contain Ly = 173 and L,, = 10 bands, respectively.

For all acquired HRIs X, which have the same spatial resolution as the MIs Y,
a pre-processing procedure as described in [Simoes 2015| was performed. Specifically,
spectral bands that were overly noisy or corresponded to water absorption spectral
regions were removed manually, and then all bands of HRIs X, and Mls Y,, were
normalized such that the 0.999 intensity quantile corresponded to the value of 1.
Moreover, all HRIs X were denoised using the approach described in [Roger 1996].
To illustrate the existence of the inter-image variability in the considered datasets,
we computed the average absolute difference images ﬁ ZgL:ml Yo (4,:) — R(¢,:) X 1|
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FIGURE 3.2 — Visible representation of the hyperspectral (left panels) and multis-
pectral images (middle panels) with moderate variability used in the experiments
and their inter-image change maps (right panels).

(where the modulus operation |- | is applied elementwise), and displayed them in
Figures 3.2 and 3.3. The observed HIs Y}, were generated according to (3.1), where
F was an 8 x 8 Gaussian blurring operator with standard deviation 4 and D a
downsampling operator with the scaling factor 4. The SRF R was acquired from
calibration measurements of the Sentinel-2A instrument and known a priori *. For
all experiments, Gaussian noise was added to both HIs and MIs to obtain a signal-
to-noise ratio (SNR) of 35 dB. To set up all baselines, we used the code provided by
the authors and tuned all parameters to achieve the best fusion performance.

We implemented the proposed DIFIV method with the CNN-based denoising
engine using the PyTorch framework. The dimension of subspace [, was set to 5
and the number of network layers was set to 8, the first and hidden layers contained
In x 4 S-Conv operators while the last layer was composed by [, S-Conv operators.
The Adam optimizer |[Kingma 2014a] with an initial learning rate 0.0002 was used
to minimize the loss function in (2.25). The numbers of iterations of our DIFIV
method (Algorithm 4) and fix-point updates in (3.27) and (3.28) were set to 20,
1 and 1, which were sufficient to ensure convergence. The weights were initialized
with the method in [He 2015|, trained for 10000 epochs in the first iteration, and
fine-tuned for 2000 epochs in the remaining iterations. We set p = 1.5,1, = 0.01 and
Nm = Nn = 0.1 for the data with moderate variability. For the data with significant
variability, we set p = 1.8,7n, = 0.002 and 7,, = 0, = 0.01. For the other parameters,
we set p = 0.1 and € = 1075, We used empirical methods to determine the above
parameters. Note the data does not need to be divided for cross-validation since our

1. The SRF can be downloaded online at https://github.com/xiuheng-wang/DIFIV_release.
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Lake Tahoe A

Lake Tahoe B
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FIGURE 3.3 — Visible representation of the hyperspectral (left panels) and multis-

pectral images (middle panels) with significant variability used in the experiments
and their inter-image changes maps (right panels).

CNN-based denoising engine is unsupervised. In the following, the performance of
the methods is compared via X only since the HRI corresponding to Y,, was not
available in the experiments.

3.4.2 Quality measure and visual assessment

Four quality metrics were considered to evaluate the quality of the fusion result
X, compared to the ground truth Xp. The first one is the peak signal to noise ratio
(PSNR):

Ly )2
PSNR — Li Z 10logg ( {4 max(Xp(¢,:)) 2) ,
hio | Xn(0,:) = Xn(2,)|

where X, (¢,:) and X n(¢,:) represent the ¢-th channel of X and X1, respectively.
The second metric is the Spectral Angle Mapper (SAM):

M (. :
SAM = = Z arccos < th(.,m)Xh(.,m) ) )
M= | XaCm)[| X, m)]

m

where X1, (:,m) and )’fh(:, m) denote the m-th pixel of X} and )’fh, respectively.
The third metric is the ERGAS [Wald 2000], which provides a global statistical




























































