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ABSTRACT
Multispectral and hyperspectral (MS-HS) data fusion aims
to reconstruct data with both high spatial and spectral res-
olutions from complementary degraded observations. This
work addresses the fusion of high-dimensional infrared data
affected by spectrally varying spatial blurs when the spectral
subspace is unknown. We propose to adapt Untrained Neural
Network Prior (UNNP) architectures to jointly estimate abun-
dance maps and their associated spectra within a low-rank
model, avoiding a preliminary spectral unmixing step from
degraded hyperspectral data. The spectra are represented by
an additional set of optimizable parameters, while the abun-
dance maps are generated by the untrained networks. Con-
vergence instability and noise overfitting are mitigated using
an automatic residual-based stopping criterion and a reused
dropout-based architecture. Experiments on simulated realis-
tic data inspired by the Mid-Infrared Instrument of the James
Webb Space Telescope show that jointly estimating spectra
and abundance maps improves reconstruction quality com-
pared with split NMF-based approaches and full-cube UNNP
reconstruction, while preserving the dimensionality reduction
benefits of the low-rank model.

Index Terms— Data fusion, hyperspectral, untrained
neural network, low-rank, joint optimization

1. INTRODUCTION

Multispectral and hyperspectral (MS-HS) fusion aims to re-
construct a datacube with both high spatial and spectral reso-
lutions by combining high-spatial/low-spectral MS data with
low-spatial/high-spectral HS data [1]. This work focuses
on the high-dimensional case with spectrally varying spa-
tial blurs, as encountered in infrared astronomical imaging,
where the instrumental point spread function varies strongly
with wavelength. MIRI/JWST provides a representative ex-
ample, combining imaging and spectroscopic modes over the
mid-infrared range [2].
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Model-based methods address this problem by minimiz-
ing data-fidelity terms combined with handcrafted regular-
ization, while explicitly using the instrument forward mod-
els [3, 4, 5]. Although interpretable and effective, such priors
have limited discriminative power in highly ill-posed settings
and may oversmooth the reconstruction or amplify artifacts in
noisy observations [6].

Deep learning methods can learn powerful image priors
for inverse problems [7], but their use in astronomical MS-
HS fusion is limited by the scarcity of representative training
data. Simulated datasets can be used, but performance then
depends strongly on simulation realism and may not general-
ize to real observations.

Untrained Neural Network Priors (UNNPs) use the neu-
ral architecture itself as an implicit prior and therefore avoid
supervised pretraining [8]. They have been applied to MS-
HS fusion through approaches such as GDD [9] and Deep-
SURE [10], but these methods do not account for spectrally
varying spatial blurs and reconstruct the full hyperspectral
datacube directly. This can become computationally de-
manding for high-dimensional astronomical data. Our previ-
ous work [11] addressed spectrally varying blurs and high-
dimensional reconstruction by combining a compact Deep
Decoder [12] with a low-rank linear mixing model, recon-
structing abundance maps rather than the full cube. However,
it assumed the spectral subspace to be known and used a
compact architecture whose expressiveness and robustness to
optimization instability remained limited.

In this paper, we address the more realistic case where the
spectral subspace is unknown. Our contributions are three-
fold. First, we extend low-rank UNNP-based MS-HS fusion
by jointly estimating the abundance maps and their associated
spectra, avoiding a preliminary spectral unmixing step. Sec-
ond, we adapt several UNNP architectures to MS-HS fusion
with spectrally varying spatial blurs, including a dropout-
based variant inspired by [13] and a residual-based stopping
criterion to improve optimization stability and reduce noise
overfitting. Third, experiments on realistic MIRI/JWST sim-
ulations show that the proposed joint estimation strategy
improves reconstruction quality over split NMF-based ap-
proaches and full-cube UNNP reconstructions.



2. MODELS DESCRIPTION

2.1. Low-rank spectral model

Let x denote the hyperspectral datacube to reconstruct, with
spatial size I × J and L wavelength samples, and let xl ∈
RI×J be its image at wavelength l. To reduce the number of
unknowns, we use a linear mixing model, as commonly done
in MS-HS fusion [14, 3, 15]:

x[i, j, l] =

T∑
t=1

at[i, j] st[l], (1)

where st is the t-th spectrum and at its associated abundance
map. Unlike in our previous works [4, 11, 5], the spectra
st

T
t=1 are unknown and estimated jointly with the abundance

maps. In vectorized form, the model is written as

x = Ta, (2)

where T denotes the spectral subspace induced by the spec-
tra {st}Tt=1, and a is the vectorized set of abundance maps.
This representation reduces the number of spatial unknowns
from LIJ to TIJ , with T ≪ L, while preserving spectral
correlations through T .

2.2. Multispectral data formation process

The multispectral observation ym is composed of C wide-
band images obtained by wavelength-dependent spatial blur-
ring, spectral weighting, and integration over wavelength. For
channel c,

yc
m[i, j] =

L∑
l=1

(
xl ∗

i,j
hc
m,l

)
[i, j]wc

m[l] + nc
m[i, j], (3)

where hc
m,l is the point spread function, ∗

i,j
denotes the two-

dimensional spatial convolution, wc
m[l] is the spectral re-

sponse of the c-th channel at wavelength l, and nc
m is additive

white Gaussian noise with standard deviation σm. After
vectorization and channel concatenation,

ym = Mx+ nm, (4)

where M gathers the spatial blurs, spectral responses, and
spectral integrations, and where x can be estimated using the
low-rank model (2).

2.3. Hyperspectral data formation process

The hyperspectral observation yh provides finer spectral
sampling at lower spatial resolution. For spectrometer k,
the model includes wavelength-dependent blur, spectral re-
sponse, and spatial downsampling represented as an integra-
tion over blocks of di × dj high-resolution pixels. Denoting
by Bī,j̄ the set of high-resolution pixels contributing to the

low-resolution pixel (̄i, j̄), the hyperspectral data are written
as

yk
h [̄i, j̄, l] =

∑
(i,j)∈Bī,j̄

(
xl ∗

i,j
hk
h,l

)
[i, j]wk

h[l] + nk
h [̄i, j̄, l],

(5)

where nk
h is additive white Gaussian noise with standard de-

viation σh. After vectorization and concatenation,

yh = Hx+ nh, (6)

where H gathers the spectrally varying spatial blurs, spectral
responses, and spatial integrations, where x can be estimated
using the low-rank model (2). Equations (4) and (6) define
the forward models used in the following section.

3. METHODOLOGY

3.1. Joint estimation of abundance maps and spectra

The fusion problem considered in this paper is solved with a
joint approach: both the abundance maps a and their associ-
ated spectral subspace T are estimated from the observed MS
and HS data. The abundance maps are generated by an un-
trained neural network with parameters θ, while the spectral
subspace is directly parameterized by an additional variable
φ, independent of θ. We denote these quantities by a(θ) and
T (φ), where φ has the same dimension as the spectral sub-
space. The output of f is

f(θ,φ) = T (φ)a(θ) (7)

where f(θ,φ) is a hyperspectral datacube. For the non-
stochastic architectures used in this paper, θ and φ are esti-
mated by minimizing the data-fidelity criterion

L(θ,φ) =µm ∥ym −Mf(θ,φ)∥22
+µh ∥yh −Hf(θ,φ)∥22 ,

(8)

where µm = 1/(2σ2
m) and µh = 1/(2σ2

h). No handcrafted
regularization term is added; regularization is induced by the
network architecture and, when used, by stochastic proce-
dures.

3.2. Adapted UNNP architectures

Three UNNP architectures, originally built for the reconstruc-
tion of RGB images or full hyperspectral cubes, are adapted to
the present fusion problem by changing the output dimension
to reconstruct T abundance maps and by jointly optimizing
the spectral parameters φ.

DD-SE is inspired by the Deep Decoder [12] and maps
a fixed random tensor to abundance maps aDD(θ). GDD-
SE is inspired by the Guided Deep Decoder [9] and addition-
ally uses guidance data G, chosen here as the MS observation



G = ym. Their reconstructed datacubes are

fDD(θ,φ) = T (φ)aDD(θ), (9)
fGDD(G,θ,φ) = T (φ)aGDD(G,θ). (10)

SAD-SE is inspired by the dropout-based untrained net-
work of Chen et. al. [13]. We remove the final sigmoid acti-
vation to avoid excessively constraining the abundance maps
and add batch-normalization layers to improve optimization
stability.

We retain the main stochastic mechanisms of Chen et.
al. [13], adapted to MS-HS fusion. At iteration q, dropout
is applied to the network parameters, yielding dropped pa-
rameters θ(q)

δ . At the same iteration, the input of the network
y
(q)
in is chosen as a randomly modified version of the MS data

ym by replacing a subset of pixels ω(q) by local spatial aver-
ages. The same spatial mask is applied to all MS channels to
preserve spectral consistency.

The SAD-SE loss differs from the generic criterion (8) by
evaluating the MS residual only on the modified pixels, while
keeping the full HS residual:

L(q)
SAD(θ,φ) =µm

∥∥∥ω(q) ⊙
[
ym −MfSAD

(
y
(q)
in ,θ

(q)
δ ,φ

)]∥∥∥2
2

+µh

∥∥∥yh −HfSAD

(
y
(q)
in ,θ

(q)
δ ,φ

)∥∥∥2
2
.

(11)
This masked criterion prevents the network from simply re-
producing the MS input and contributes to limiting noise
overfitting.

After optimization, the parameters θ̂ and φ̂ are fixed,
and the final reconstructed datacube is obtained by averaging
Navg stochastic outputs with dropout and input masking still
activated, as

x̂ =
1

Navg

Navg∑
r=1

fSAD

(
y
(r)
in , θ̂

(r)
δ , φ̂

)
. (12)

3.3. Stopping criterion

UNNPs are known to be sensitive to noise overfitting when
optimized for too many iterations. Since the ground truth is
unavailable in real applications, the stopping rule cannot rely
on reconstruction metrics such as PSNR. We therefore use
a criterion based on the normalized residuals with respect to
both observations as

ρ(x) =
1

2σ2
m

∥ym −Mx∥22 +
1

2σ2
h

∥yh −Hx∥22 . (13)

The stopping criterion is motivated by the fact that, once the
reconstruction fits the observations up to the noise level, the
residuals should satisfy

∥ym −Mx∥22 ≃ ∥nm∥22 , (14)

∥yh −Hx∥22 ≃ ∥nh∥22 (15)

assuming the residual norms are normalized by the number of
measurements. The optimization is therefore stopped when

ρ(x) ≃ 1. (16)

For SAD-SE, ρ is evaluated on the averaged reconstruction
from (12). This provides an unsupervised way to limit noise
overfitting without requiring access to the ground truth.

4. RESULTS

4.1. Experimental setup

Experiments are conducted on realistic simulated MS and
HS data inspired by MIRI/JWST. The reference hyperspec-
tral datacube is generated from T = 5 abundance maps of
size 128 × 256 and their associated spectra sampled over
the MIRI spectral range. The MS and HS observations are
obtained with the forward models of Section 2, with C = 9
(MS) and spatial integration over regions of 4 × 4 pixels
(HS), and corrupted with additive white Gaussian noise at
SNRdB = 30 dB.

DD-SE, GDD-SE, and SAD-SE are compared with two
baselines. The first follows a split strategy, where the spec-
tral subspace is estimated from the HS observation using
NMF before reconstructing abundance maps with model-
based ℓ2 [4] and ℓ2,1 [5] regularizations, denoted ℓ2-NMF
and ℓ2,1-NMF. The second is GDD-Cube [9], which directly
reconstructs the full hyperspectral cube without low-rank
factorization.

4.2. Comparison of reconstruction methods

The reconstruction results are reported in Table 1, while Fig. 1
shows the evolution of the PSNR during optimization. Figs. 2
and 3 provide visual and spectral comparisons.

The two NMF-based methods provide the lowest re-
construction quality. Although they recover the main low-
frequency structures in Fig. 2, their reconstructions remain
spatially oversmoothed and fail to accurately restore high-
frequency details. Fig. 3 further shows that their reconstructed
spectra deviate from the reference in a high-spatial-frequency
region, especially at long wavelengths. This confirms the lim-
itation of the split strategy: errors made when estimating the
spectral subspace from the degraded HS data directly affect
the subsequent fusion step.

Joint UNNP-based methods substantially improve the
reconstruction. DD-SE reaches the best peak PSNR and
NRMSE, but its convergence is unstable, with the best re-
construction obtained only over a narrow range of iterations.
GDD-SE is more stable but less accurate than DD-SE and
SAD-SE; nevertheless, it outperforms GDD-Cube, confirm-
ing the benefit of jointly estimating a low-rank spectral sub-
space and abundance maps instead of reconstructing the full
cube directly.



Methods NRMSE PSNR [dB] SSIM SAM

ℓ2 - NMF 7.47 38.58 98.86 54.26
ℓ2,1 - NMF 7.28 38.80 99.07 53.97
DD - SE 1.78 51.03 99.55 6.44
GDD - SE 2.01 49.96 99.40 6.01
GDD - Cube [9] 2.40 48.44 99.06 9.48
SAD - SE 1.79 51.00 99.56 7.27

Table 1: Comparison of reconstruction quality metrics. The
best result for each column is bold and underlined, and the
second best is underlined. Metric values, except for PSNR,
were multiplied by 100 for visibility.
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Fig. 1: PSNR of reconstruction for each method over itera-
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The proposed SAD-SE method provides the best compro-
mise between reconstruction quality and optimization stabil-
ity. Its quantitative results are comparable to those of DD-SE,
while its convergence is more stable according to Fig. 1. Vi-
sually, SAD-SE better preserves high-frequency spatial struc-
tures than the NMF-based methods and avoids the strongest
artifacts observed in some competing UNNP reconstructions.
These results suggest that the combination of spatially adap-
tive dropout, masked data fidelity, and stochastic output aver-
aging provides an effective implicit regularization for MS-HS
fusion with unknown spectral subspace.

5. CONCLUSION

This paper addressed the MS-HS fusion problem with spec-
trally varying spatial blurs in the case where the spectral sub-
space is unknown. The main contribution was the adaptation
of UNNP-based methods to jointly estimate abundance maps
and their associated spectra within a low-rank model. This
was achieved by introducing additional optimizable parame-
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ters for the spectral subspace, avoiding a preliminary spec-
tral unmixing step from the degraded HS data while preserv-
ing the dimensionality reduction benefits of the linear mixing
model.

Experiments on realistic simulated MIRI/JWST data
showed that joint spectral subspace and abundance estima-
tion improves reconstruction quality over split NMF-based
approaches and full-cube UNNP reconstruction. Among the
tested SE methods, SAD-SE provided the best compromise
between reconstruction quality and optimization stability.

The main limitation remains the computational cost,
which is higher than that of classical model-based meth-
ods. In addition, excessive optimization may still cause
noise overfitting, as in most UNNP-based approaches. The
proposed residual-based stopping criterion offers a practical
unsupervised way to limit this effect, but its robustness should
be further assessed on additional datasets, instrument mod-
els, and noise configurations, including comparisons with
SURE-based strategies such as DeepSURE [10].
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