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ABSTRACT

In the last decade, novel hyperspectral cameras have been
developed with particularly desirable characteristics of com-
pactness and short acquisition time, retaining their potential
to obtain spectral/spatial resolution competitive with respect
to traditional cameras. However, a computational effort is re-
quired to recover an interpretable data cube. In this work we
focus our attention on imaging spectrometers based on inter-
ferometry, for which the raw acquisition is an image whose
spectral component is expressed as an interferogram. Previ-
ous works have focused on the inversion of such acquisition
on a pixel-by-pixel basis within a Bayesian framework, leav-
ing behind critical information on the spatial structure of the
image data cube. In this work, we address this problem by
integrating a spatial regularization for image reconstruction,
showing that the combination of spectral and spatial regu-
larizers leads to enhanced performances with respect to the
pixelwise case. We compare our results with Plug-and-Play
techniques, as its strategy to inject a set of denoisers from the
literature can be implemented seamlessly with our physics-
based formulation of the optimization problem.

Index Terms— Optimization, spectrometers, hyperspec-
tral imaging, image reconstruction

1. INTRODUCTION

Characterizing the spectrum of a light source (i.e., measur-
ing its intensity at each wavelength) is at the core of imag-
ing spectroscopy, and has deep implications in various fields,
such as geology, gas detection, security, remote sensing, dis-
aster prevention, and more [1,2]. In recent times, both the sci-
entific community and industrial venues have shown interest
in hyperspectral image (HSI) spectrometers which operate on
the principle of interferometry, as they potentially allow for
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instruments with reduced cost and dimensions and for acqui-
sitions with finer spectral resolution and improved SNR [3,4].

Hyperspectral cameras based on interferometry measure
the interference of superimposed coherent light waves which
travel across different optical paths, known as the optical path
differences (OPDs). At the detector level, a grayscale image
is formed for each value of the OPD. The technique of cap-
turing data across different OPDs is called Fourier-transform
spectroscopy (FTS). Finally, a datacube is obtained where
each pixel of the observed scene a vector of values in the do-
main of OPD known as the interferogram.

However, in order to obtain the HSI, two issues arise.
First, a data processing step is required to reconstruct the
spectral response in the domain of the wavelengths, as the
acquisitions are only available in a transformed domain. Sec-
ond, the spatial information should be taken into account in
the reconstruction as a pixel-to-pixel spectral reconstruction
[5] ignores spatial noise and pixel neighborhood information.
Given the nature of this computational imaging [6] problem,
a combination of spectral and spatial regularizers is required.

Machine learning-based approaches may provide a way to
intrinsically regularize this formulation, but the availability of
training data is limited in our scenario. As we deal with pro-
totype instruments, it is complicated to build a large enough
database of coupled acquisitions and references. To partly
address this issue, hybrid (model- and learning-based) ap-
proaches and basic Plug-and-Play (PnP) approaches [7], such
as algorithm unrolling [8] and deep priors [9], are currently
gaining traction in the community. They rely heavily on a
good understanding of the system, which we aim to address
here as preliminary step and solid basis for the interpretability
of such systems.

In this work, we propose a spectro-spatial model-based
inversion for the HSI reconstruction of interferometric image
acquisitions, by exploiting the knowledge of the physics and
the characteristics of interferometric systems and by showing
the importance of having priors that are adapted to the data.
This is an extension to our previous work [5] which was only
pixel-to-pixel based.

In this paper, we extend the study to combine spatial reg-



ularizers with the spectral ones thanks to collaborative to-
tal variation (CTV) [10], applied on the case where a poten-
tially infinite amount of interfering waves can be superim-
posed. For example, this is capable to also deal with several
instruments based on Fabry-Pérot (FP) interferometers [11–
14]; this is defined in our work as ∞-wave model, also known
as Airy distribution [3]. We propose to solve the inversion
problem through a simple enough solver, notably the Loris-
Verhoeven (LV) algorithm [15], with proximal operators that
better characterize the a priori knowledge through induced
sparsity on a spectro-spatial cascaded Fourier domain trans-
form and total variation (TV) operations. We compare our
results with pixel-to-pixel spectral reconstruction [5] and PnP
techniques, especially when the acquisitions are affected by
noise. Our contributions can be summed up as follows: (i) we
propose a model-based HSI reconstruction method from in-
terferograms based on spectro-spatial regularization, (ii) we
perform a comparison with image priors based on PnP tech-
niques within the context of imaging spectrometers based on
interferometry, to show the importance of having priors that
are adapted to the data.

2. PROPOSED METHODOLOGY

2.1. Problem statement

We want to set up the reconstruction problem as a Bayesian
problem. Let X ∈ RI×J×K describe an unknown datacube
to reconstruct representing the scene with I × J pixels and
K channels. The acquisition process is then described as a
stochastic process in the form:

Y = A(X ) + E . (1)

In the above equation, E denotes additive white Gaussian
noise and Y ∈ RI×J×L describes our acquisition. The lat-
ter retains the same spatial resolution of our target datacube,
while its spectral content is defined in a transformed domain
with L samples. This domain transformation is defined by a
linear operator A, which we define as:

A(X ) = A •3 X , (2)

where •3 denotes a contraction operator along the third
modality, i.e., a matrix multiplication along the third modality
of the HSI tensor X , and A ∈ RL×K is the transmittance
response of our acquisition system.

The goal of the inversion protocol is to estimate the value
of X . We propose to derive an estimation X̂ of the spectrum
X by setting up a Bayesian problem [16] with spectro-spatial
regularization. We specifically aim to minimize a cost func-
tion in the form:

X̂ = argmin
X

1

2
∥Y − A(X )∥22 + λg(LX ) , (3)

where the right hand side is expressed as the sum of a data fi-
delity term and a term which characterizes the a priori knowl-
edge on the spectrum. In the above equation, ∥ ·∥2 defines the
ℓ2 norm applied over the concatenation of all pixels of its ar-
gument, while g(·), L, and λ > 0 denote a scalar functional,
a linear operator and a regularization parameter, respectively.

In the following sections we will detail the direct transfor-
mation and the regularization term.

2.2. Interferometer transmittance function

The interferometric acquisition system is characterized by a
given transmittance response A. In the context of interferom-
etry, which is the focus of our work, this defines a transforma-
tion from the spectral domain to an interferogram. For FTSs,
it is common practice to express the spectral domain in terms
of wavenumbers, i.e., the reciprocal of wavelengths. This
spectrum is continuous in nature, but can be represented with
a sufficiently fine sampled discretization of the wavenum-
ber range {σk}k∈[1,...,K]. On the contrary, the set of OPDs
{δl}l∈[1,...,L] where the interferogram is sampled is limited
by the capability of the instrument of generating L different
optical paths. While many techniques are available to mea-
sure an interferogram from a spectrum [13, 14, 17], we only
remind here that for Fabry-Perot interferometers the coeffi-
cients aik of the transmittance response A can be modeled
with an Airy distribution [3, 14]:

alk =
(1−R)2

1 +R2 − 2R cos(2πσkδl)
, (4)

where R denotes the reflectivity of the surface of the interfer-
ometric cavities.

2.3. Proposed reconstruction algorithm

In this work, we propose to describe the linear operator
L(X ) = L(TV)(L(DCT)(X )) from eq. (3) as the cascade of
two operators L(DCT) and L(TV), which respectively operate
in the spectral and spatial domain. We define them as follows:

1. Spectral operator L(DCT): we define it as type-II dis-
crete cosine transform (DCT). Specifically, we define a
square matrix W ∈ RK×K , whose coefficients are:

wij =

√
2

K
cos

(
π

K

(
j − 1

2

)
(i− 1)

)
∀i,j∈{1,...,K}

.

(5)
The matrix is applied to the third modality of the latent
HSI X and we denote the result of this operation by
Z = L(DCT)(X ) = W •3 X . The choice is taken as
a follow-up of the results of our previous work [5], as
the DCT has been shown to be particularly effective to
induce sparsity on the spectrum.



2. Spatial operator L(TV): we define it as TV using
the formulation of [18]. The operator is applied
on the spatial modalities of Z and returns a tensor
T ∈ RI×J×K×2 such that ∀ i, j, k:{

T i, j, k, 1 = Zi+1, j, k −Zi, j, k ,

T i, j, k, 2 = Zi, j+1, k −Zi, j, k .
(6)

In other words, this is the concatenation of the horizon-
tal (columns) and the vertical (rows) differential opera-
tors, along a newly introduced fourth modality.

For the regularization term g(·), we propose the collabora-
tive norm ℓ1,1,1,2, i.e., by imposing the ℓ2 norm on the fourth
modality of T and the ℓ1 norm on the remaining three modali-
ties. This procedure, known as CTV, was originally proposed
in [10] to combine different modalities, although their origi-
nal formulation did not include any spectral operator.

The problem is then solved by primal-dual splitting
algorithm known as Loris-Verhoeven [15] with over-re-
laxation [19], aiming to minimize the fidelity term of eq. (3),
where we plugged the DCT and TV priors in a collaborative
environment. Algorithm 1 describes the iterative updates
of our proposed method. AT and LT represent the adjoint
operators of A and L, respectively, while ∥A∥op and ∥L∥op
represent their operator norms [19]. X and U are the primal
and dual variables, respectively. In our context, proxλ,g⋆(T )
defines the proximal operator associated to the Fenchel con-
jugate of the ℓ1,1,1,2 norm [20]. ∀ i, j, k, and denoting by
T i, j, k, : the (i, j, k)-th vector of T of dimension 2 (along
the fourth modality), this operator becomes:

proxλ,g⋆(T i,j,k,:) =

{
λ

T i,j,k,:

∥T i,j,k,:∥2
if ∥T i,j,k,:∥2 > λ

T i,j,k,: if ∥T i,j,k,:∥2 ≤ λ
(7)

The values of η, τ , and ρ were chosen according to the
relevant literature to ensure convergence [19].

3. EXPERIMENTS AND RESULTS

3.1. Experimental setup

To test the effectiveness of the reconstruction algorithms, we
operate in a simulated scenario. Specifically, we performed
our tests using a HSI that we acquired with the commer-
cial hyperspectral camera Specim IQ, whose scene contains
a colorchecker and some geometrical targets. To generate
our reference, we spatially resized the raw acquisition to
96×96 pixels and interpolated the channels to regularly sam-
ple the range of visible wavenumbers. This range is between
[1.4, 2.5] µm−1 and contains 366 channels. We then gener-
ated a transmittance response for our interferometric camera
using eq. (4), using parameters replicating the setup of Pisani
and Zucco in [13]. We made this choice as their setup is
already optimized for reconstructing spectra in the visible

Algorithm 1 Proposed method by Loris-Verhoeven [15]

Require: A, L, Niters
Initialize X (0) = ATY , U (0) = LX (0)

Initialize τ=0.99/∥A∥2op, η=1/(τ∥L∥2op), and ρ=1.9
Define proxλ g⋆(·) as in eq. (7)
while Stopping criterion is not met do

V(q) = AT(AX (q) −Y)

X (q+ 1
2 ) = X (q) − τ

(
V(q) + LTU (q)

)
U (q+ 1

2 ) = proxλ,g⋆

(
U (q) + ηLX (q+ 1

2 )
)

X (q+1) = X (q) − ρτ
(
V(q) + LTU (q+ 1

2 )
)

U (q+1) = U (q) + ρ
(
U (q+ 1

2 ) − U (q)
)

end while
return X̂ = X (Niters)

Table 1: Objective quality assessment reconstruction results.

Method RMSE [×10−2] SSIM
Reference 0 1
ADMM-TV 3.101 0.9857
ADMM-BM3D [21] 3.208 0.9853
LV-DCT [5] 3.046 0.9716
LV-TV 2.737 0.9794
LV-CTV (ours) 1.523 0.9946

range and we assume for simplicity that the the interferogram
can be sampled even at very low OPDs. More specifically
we chose the interferogram domain to be regularly sampled
within an OPD range in [0, 8] µm with 25 nm step, so that
each pixel is represented by 319 samples; the reflectivity is
set to R = 0.255. Finally, we add Gaussian noise to the
simulated acquisition obtaining a tensor Y ∈ R96×96×319,
so that the mean-centered version of the obtained signal has
a signal-to-noise ratio (SNR) of 10 dB. This signal is pro-
cessed with a series of techniques that will be discussed in
the next section, in order to reconstruct an image datacube
X̂ ∈ R96×96×366, to be compared with our same-sized ref-
erence X . The objective analysis will be performed using
the structural similarity index measure (SSIM) and root mean
squared error (RMSE) quality indices.

3.2. Results and discussion

The reconstruction algorithms used in our tests employ two
frameworks. The first one employs our own implementa-
tion of the Loris-Verhoeven (LV) algorithm [15], in the over-
relaxed version [19] that we used in a previous work [5].
In this framework we tested three different linear operators
for the regularizer L to prove the effectiveness of the pro-
posed inversion strategy described in Section 2.3. In par-
ticular, we tested our setup both using the each of the DCT
operator L(DCT) and the TV operator L(TV) separately, then



(a) Reference (b) ADMM-TV

(c) ADMM-BM3D (d) LV-DCT

(e) LV-TV (f) LV-CTV (ours)

Fig. 1: Reconstruction results with different inversion meth-
ods, using optimized regularization and convergence parame-
ters. For visualization, three channels from the HSI are cho-
sen close to the central RGB wavelengths.

using them in cascade as described in Section 2.3. The three
methods are denoted respectively as DCT, TV and CTV in
figures and tables. We also tested our reconstruction prob-
lem employing a PnP strategy [21]. For this purpose, eq. (3)
was solved with the linearized alternating direction method
of multipliers (ADMM) [22] implementation in SCICO [23],
where the proximal operator associated to the reconstruction
is substituted with a general purpose denoiser. We tested this
strategy with both an isotropic TV and a block-matching and
3D filtering (BM3D) [24] denoiser. For all tested reconstruc-
tion methods the hyperparameters were adjusted to the best of
our abilities and the tests were ran for 100 iterations, except
for the BM3D, which was run for 10 iterations as it is much
slower than the counterparts. The objective quality results,
shown in Table 1, show the benefit of the joint spectral and
spatial regularization, especially in the LV framework.

The results are confirmed by the visual comparison and
given in Figure 1 and 2. The application of TV allows to
strongly improve the spatial coherence of the reconstructed

(a) Acquisition

(b) Reconstruction

Fig. 2: Visualization of the acquisition and the reconstruction
for the central pixel of the green colorchecker box. (a) Com-
parison between noiseless and noisy acquisition with SNR of
10dB. (b) Comparison of reconstructed spectra with a selec-
tion of the inversion methods described in this paper.

image. This is an expected result for the image that we used
for our test, which is mostly patch based, for which the TV
is known to have competitive performances. On the contrary,
strong distortions are still present with PnP based algorithms.
We should however note that we are operating in a disadvanta-
geous scenario for them to be applied in their unaltered form,
as BM3D is typically better suited for images with higher spa-
tial resolution, that enhance its capability to derive common
spatial features on the scene. This shows the importance of
using priors for the regularizers that are adapted to the data.
In general terms, the LV framework converges faster than the
ADMM, as proven by the results with the TV regularizer.

4. CONCLUSION

In this work, we have shown the importance of the spatial
regularization for the reconstruction of datacubes acquired in
the domain of the interferograms. In future works, we plan
to extend these results by further investigating PnP methods
adapted for hyperspectral data, exploring non-redundant do-
main transformations, such as tensor decompositions.
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