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ABSTRACT

In hyperspectral data, mixed pixels are frequent due to the
low-medium spatial resolution of the imaging spectrometer,
or to intimate mixing effects. Hence the process of blind hy-
perspectral unmixing, which separates the pixel spectra into a
collection of spectral signatures and a set of fractional abun-
dances, is a mandatory task in hyperspectral image process-
ing. In this study, among models capable of performing lin-
ear spectral unmixing, we present a comparative analysis per-
formed on real data acquired from the PRISMA (PRecursore
IperSpettrale della Missione Applicativa) hyperspectral satel-
lite between deep nonnegative matrix factorization and artifi-
cial neural network autoencoder based methods.

Index Terms— Hyperspectral unmixing, deep nonnega-
tive matrix factorization, autoencoder, PRISMA satellite data

1. INTRODUCTION

Remote sensing imaging known as hyperspectral images
(HSIs) records the Earth’s surface in numerous narrow and
contiguous bands across the electromagnetic spectrum. Due
to the physical structure of the sensors, HSIs are character-
ized by high spectral but low-medium spatial resolution. This
suggests that a single pixel in HSIs represents a mixture of
many distinct materials. In remote sensing, blind hyperspec-
tral unmixing (HU) is the process of finding a set of spectral
signatures for different pure materials (endmembers) that
can be used to unmix all other pixels in the data and their
corresponding fractional coverage (abundances) all at once
[1]. Some physical constraints characterize the unmixing
problem: nonnegativity of the endmember spectra (since a
negative reflectance is not possible), and nonnegativity of
abundances that also sum to one for each pixel. Currently,
unmixing methods depend on the kind of mixing that is
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expected: they can be classified into linear mixing models
(LMMs) and nonlinear mixing models. LMMs are most
widely used because of their simplicity and effectiveness;
they are based on the assumption that the photons reaching
the hyperspectral sensor must interact with only one material
so that each mixed pixel can be expressed as a linear com-
bination of a finite number of endmembers weighted by the
corresponding abundances [1].
In this study, among LMMs, we present a comparative anal-
ysis between two particular fully unsupervised approaches:
deep nonnegative matrix factorization (DNMF) [2, 3] and ar-
tificial neural network autoencoder (AE)-based methods [4].
In the peculiar context of HU, DNMF represents the recent
deep extension of nonnegative matrix factorizations (NMF),
which largely demonstrated their capabilities of automati-
cally extracting latent feature representation from HSIs also
preserving the physical nonnegativity of data [5]. DNMF
benefits from linearity’s interpretability power, enabling a hi-
erarchical and lower-dimensional representation of the input
nonnegative latent characteristics.
On the other hand, autoencoders are a powerful tool for ex-
tracting meaningful features and reducing the dimensionality
of HSIs. AE are neural networks that aim to reconstruct their
input data, typically by learning a compact representation
(the “encoding”). This process forces the network to capture
essential features in data [4]. Similar ideas inspired both
DNMF and AE; furthermore, for both classes of algorithms,
the learning process can be improved by adding additional
physics-inspired constraints, e.g., abundance non-negativity
constraint, abundance sum-to-one constraint, sparsity, and
smoothness of the obtained abundance maps.
This work presents initial comparisons between some AE
and DNMF models that emphasize the same spectral and
spatial properties. Their effectiveness is evaluated on some
well-known hyperspectral datasets and on HSIs acquired by
PRISMA hyperspectral satellite, a medium-resolution hyper-
spectral imaging mission developed, owned, and operated by
the Italian Space Agency from 2020 [6]. PRISMA (Hyper-
spectral PRecursor of the Application Mission) represents a
cutting-edge Earth observation system, it has 239 bands at a
spatial resolution of 30m and a spectral resolution better than



12 nm in a spectral range of 400-2505 nm (VNIR and SWIR
regions). It can distinguish both the geometric characteristics
of observed objects and the chemical-physical composition of
the surface of the Earth thanks to its electro-optical equipment
that analyzes the spectral fingerprint of each material.

2. LMM, DEEP NMF AND AUTOENCODERS

A generic HSI with B bands, r rows, and c columns, can be
represented as a matrix X ∈ RB×rc

+ , through mode-3 unfold-
ing operation. With this representation, a generic row vector
encodes the ground information in the corresponding band,
while a column represents the spectrum of the selected pixel.

The LMM assumes that X is an approximated linear com-
bination of K endmembers and their corresponding abun-
dances, that is X ≈ EA, where E = [e1, e2, . . . , eK ] ∈
RB×K

+ denotes the endmember matrix, with K endmembers
vectors as columns, A ∈ RK×rc is the abundance matrix
with abundances fractions for each pixel as columns. Gen-
erally, this formulation must satisfy two physically-inspired
constraints, the abundance nonnegativity constraint (aij ≥ 0),
and the abundance sum-to-one constraint that is 1⊤

KA = 1rc,
where 1 denotes all-one column vectors with conformal di-
mension.

Deep NMF. In the context of blind HU, NMF furnishes
the approximation of LMM, X ≈ EA, adding the abun-
dance nonnegativity constraint. It is usually obtained by min-
imizing a Frobenius-based cost function penalized by addi-
tional constraints on the endmembers and abundance factors,
demonstrating in this way improved performance when un-
mixing [5]. However, NMF can be viewed as a single-layer
learning process that missed to learn more complex and hi-
erarchical latent feature representations from the nonnegative
input data.
DNMF models represent a recent extension of NMF for blind
HU tasks, that integrate the multi-layer architecture enabling
feature extraction within the matrix factorization to obtain
more flexible and expressive modeling of the underlying pat-
terns in X . The DNMF interpretability power – due to lin-
earity – allows us to understand how the features are com-
bined and catch the propagation of the information from the
first, more abstract layer, to the last, more refined layer. This
approach provides numerous interpretations of the semantics
hidden in the data.In the first layer, DNMF factorized X into
two matrices E1 and A1; then, in the next layer, A1 is fur-
ther factorized into other two matrices E2 and A2. This pro-
cess continues until the factorization of the L layers is done.
In this way, X ≈ E1E2 . . . ELAL with El ∈ Rdl−1×dl

+ for
l = 1, . . . , L, d0 = B and AL ∈ RdL×rc

+ . The latent factors
are computed solving a regularized optimization problem:

min
El,Al≥0

∥X − E1E2 . . . ELAL∥2F +
∑

l αlRl(El) + βlRl(Al)

where Rl are regularization terms that enforce the endmem-
bers and abundance factors to possess additional properties
besides nonnegativity (i.e. sparseness, orthogonality, symme-
try, convexity, etc.) [2, 3].

Autoencoders. Recent artificial neural network literature
proposes the use of autoencoder models to solve the blind
HU and estimate abundances that respect the nonnegativity
and sum-to-one constraints. AE is a feed-forward neural
network trained to replicate its input by learning the identity
function. It has two parts: an encoder GE : RB×1 → RK×1,
that encodes the spectra input of the j-th pixel, xj for
j = 1, . . . , rs, to a hidden representation, and a decoder,
GD: RK×1 → RB×1, that reconstructs an approximation of
input data, from the latent feature provided by the encoder.
The final layer of the encoder has a small number of units
to transform spectral vectors of length B into latent space of
dimension K. Subsequently, this latent representation is used
by the decoder to reconstruct the input spectrum as accurately
as possible. Generally, AE is trained solving a constrained
minimization task on some discrepancy measure D between
the inputs and the approximations provided by the model, i.e.,
D(xj ,GD(GE(xj))), often regularized with additional terms
taking into account additional property regarding the network
parameters and the latent representation. AE-based linear
unmixing frameworks assume that the endmembers are part
of the set of decoder parameters, and the latent representation
directly provides an estimate of the abundance matrix A.

Both DNMF and AE were inspired by similar ideas, but
only a few instances of these two groups of unsupervised HU
learning models have been compared in the literature. The
following section provides some initial results from a compre-
hensive comparison between particular DNMF and AE mod-
els that impose the same additional constraints on A and E
using benchmark datasets and PRISMA images.

3. EXPERIMENTS

This section presents experiments conducted to evaluate the
performance of selected AE and DNMF methods. In partic-
ular, the used AE are: a deep encoder with no regulariza-
tion (DAEU), a deep encoder with orthogonal sparse prior
(OSPAEU), a fully CNN encoder and decoder (CNNAEU),
and a multitask deep encoder with shared decoder (MTAEU).
All these AE are spectral–spatial methods with no regular-
izations [4]. DNMF models used are multi-layer NMF (ML-
NMF), imposing sparsity constraint on both endmembers and
abundances matrices in each layer via ℓ1/2-norm [7], and
orthogonal deep NMF (ODNMF) forcing orthogonality on
abundances [8].
The AEs were trained on the TensorFlow framework us-
ing Python 3.10, while the NMF-based methods were run in
MATLAB R2023b. For a fair comparison, all the experiments
are conducted on the same workstation with an AMD Ryzen



(a) (b) (c) (d)

Fig. 1: RGB images of the datasets used in experiments (a)
Urban, (b) Jasper Ridge, (d) Alimini, (c) Limassol Fire.

7 CPU, 64-GB memory, and without external GPU.
Experiments were performed on two benchmark datasets [9]:
(a) 307 × 307 Urban dataset, (b) a subimage of 100 × 100
pixels of Jasper Ridge dataset with 162 and 198 selected
bands respectively and two PRISMA images:

(c) Limassol Fire: image recorded on the Limassol fires
occurred in July 2021 in Cyprus, with 230 spectral
bands (after corrupted and noisy band removal) and
spatial dimension of 1000 × 1000.

(d) Alimini: image recorded on Alimini Lakes, located
north of Otranto, a natural area of Salento and Apulia,
Italy. The entire image 1000 × 1000 with 230 spectral
bands was used.

It is important to note that the estimation of the number of
endmembers K in the scene is an open question; it is known
a priori only for the most recent state-of-the-art test datasets
used (e.g., Urban, Samson, Cuprite, Jasper Bridge), and this
essential but elusive information is not always available in the
case of real data making the comparisons of AE and DNMF
models a more challenging issue. For the benchmark datasets
the accepted ground truth is available (6 endmembers: As-
phalt, Grass, Tree, Roof, Metal, and Soil and 4 endmembers:
Tree, Water, Soil, and Road for datasets for dataset (a) and
(b), respectively). While for PRISMA images, a priori iden-
tification of the number of endmembers K and their refer-
ence spectra has been provided by domain experts trying to
find pure pixels with the help of very high-resolution satel-
lite data (4 constituent materials: Water, Clouds, Vegetation,
and Soil/Burned area, for datasets (c) and (d), respectively).
Figure 1 illustrates the four used images.

Unmixing performances are evaluated using the aver-
age spectral angle distance (mSAD) that measures the angle
between spectra in their signal space in radians, and is com-
puted as SAD(e, ê) = cos−1

(
e·ê

∥e∥2∥ê∥2

)
. Smaller values

indicate better performances. For Urban and Jasper Ridge
datasets, approximations provided by the deep algorithms
have been compared with ground truth endmembers and
abundances. For reliable assessments, numerical experiments
were repeated twenty-five times, and the mean and standard
deviation of the results are reported in Table 1, 2, and 3. Com-
putation time (in seconds for a single run) is also reported for
a complete comparison between all tested methods in the last
column of the tables.

Fig. 2: Endmembers (blue dash line) and abundance maps
extracted by OSPAEU for Alimini dataset. Red solid lines
represent reference endmembers.

Fig. 3: Endmembers (blue dash line) and abundance maps
extracted by CNNAEU for Limassol Fire dataset. Red solid
lines represent reference endmembers.

It should be observed that for the two benchmark datasets,
ODNMF presents the better performance in extracting some
particular endmembers (i.e., Roof, Metal, and Soil) and the
lowest computational time. High mSAD values for Asphalt
in Urban and Water in Jasper Bridge greatly affect the overall
average performance of DNMF algorithms.
Similar considerations can be made for PRISMA datasets.
According to the time comparison of the analyzed methods, it
can be noted that AE-based methods (i.e., OSPAEU, DAEU
e MTAEU) seem to be independent by the size of the con-
sidered input data, whereas DNMF-based methods appear
to suffer from this issue. For PRISMA images, the results
are also qualitative illustrated as reported in Figures 2 and
3, depicting the endmembers and abundance maps obtained
by OSPAEU and CNNAEU, respectively. It should further
point out that the number of endmembers defined a priori
for PRISMA images could be underestimated considering
the extent of the area observed using the entire image. In
particular, for Limassol Fire dataset, both AEs and DNMF
often generate one endmember with high abundance values
for both water and cloud pixels during repeated runs.

4. CONCLUSIONS AND PERSPECTIVES

An initial comparison of some AE and DeepNMF-based mod-
els in the blind HU task of real-world benchmark datasets and
PRISMA images is presented in this study. These prelim-
inary results prove the usefulness of both approaches char-
acterized by the interpretability capability offered by linear-



Table 1: Average SAD from references endmembers in radians along with the standard deviation for all methods for the Urban
dataset with six reference endmembers. Computing times are reported in the last column.

Method Asphalt Grass Tree Roof Metal Soil Avg Time(s)

OSPAEU 0.524±0.268 0.102±0.014 0.117±0.070 0.253±0.020 0.452±0.246 0.200±0.044 0.275±0.066 30
DAEU 0.055±0.016 0.083±0.082 0.122±0.028 0.289±0.094 0.260±0.252 0.210±0.123 0.170±0.048 10
MTAEU 0.055±0.019 0.047±0.018 0.145±0.013 0.114±0.036 0.396±0.122 0.062±0.029 0.136±0.028 12
CNNAEU 0.042±0.007 0.035±0.011 0.135±0.007 0.037±0.003 0.393±0.028 0.090±0.012 0.122±0.005 440
MLNMF 0.205±0.050 0.116±0.054 0.214±0.048 0.189±0.116 0.366±0.175 0.983±0.081 0.345±0.254 44
ODNMF 0.849±0.125 0.191±0.026 0.108±0.027 0.059±0.056 0.235±0.112 0.025±0.017 0.244±0.121 6

Table 2: Average SAD from references endmembers in radians along with the standard deviation for all methods for the Jasper
Bridge dataset with four reference endmembers. Computing times are reported in the last column.

Method Tree Water Soil Road Avg Times(s)

OSPAEU 0.067±0.023 0.236±0.030 0.090±0.036 0.269±0.200 0.166±0.050 17
DAEU 0.046±0.021 0.046±0.018 0.090±0.087 0.186±0.088 0.092±0.033 10
MTAEU 0.051±0.014 0.064±0.009 0.117±0.053 0.393±0.220 0.158±0.045 12
CNNAEU 0.089±0.022 0.059±0.007 0.098±0.037 0.459±0.257 0.176±0.056 427
MLNMF 0.163±0.024 0.157±0.048 0.168±0.084 0.165±0.121 0.163±0.069 6
ODNMF 0.021±0.012 0.886±0.117 0.036±0.017 0.055±0.092 0.249±0.087 2

Table 3: Average SAD from references endmembers in radians along with the standard deviation for all methods for the Alimini
and Limassol Fire dataset with four reference endmembers. Computing times are reported in last column.

Alimini dataset

Method Water Soil Clouds Vegetation Avg Time(s)

OSPAEU 0.101±0.006 0.091±0.008 0.110±0.044 0.206±0.058 0.127±0.021 22
DAEU 0.091±0.019 0.076±0.042 0.282±0.078 0.201±0.185 0.163±0.056 10
MTAEU 0.091±0.003 0.057±0.020 0.279±0.125 0.156±0.032 0.146±0.036 12
CNNAEU 0.084±0.002 0.070±0.004 0.278±0.044 0.565±0.163 0.249±0.036 1030
MLNMF 0.209±0.041 0.063±0.024 0.743±0.029 0.103±0.018 0.283±0.013 1500
ODNMF 0.733±0.078 0.099±0.011 0.184±0.063 0.266±0.096 0.320±0.044 146

Limassol Fire dataset

Method Water Clouds Vegetation Burned area Avg Time(s)

OSPAEU 0.115±0.071 0.383±0.082 0.116±0.012 0.269±0.240 0.221±0.070 22
DAEU 0.183±0.177 0.361±0.180 0.153±0.025 0.145±0.056 0.211±0.019 10
MTAEU 0.091±0.011 0.498±0.043 0.162±0.013 0.078±0.023 0.206±0.011 12
CNNAEU 0.139±0.125 0.364±0.146 0.142±0.002 0.159±0.027 0.201±0.013 780
MLNMF 0.531±0.126 0.488±0.099 0.140±0.067 0.244±0.098 0.349±0.027 1367
ODNMF 0.246±0.027 0.085±0.033 0.082±0.047 0.487±0.076 0.225±0.064 119

ity and the capability of determining a lower-dimensional and
hierarchical representation of the nonnegative latent features.
The methods demonstrated quite similar performances except
for the computational time of AE which is faster than DNMF.
Further research can be carried out in the future, building on
current work to solve some well-known open issues such as
the simultaneous use of spectral and spatial information, ini-
tialization, and hyperparameters fine-tuning. In particular, we
plan to focus on the estimation of number of endmembers
K using very large HSIs captured by PRISMA-like sensors.

This can be useful for future PRISMA applications in envi-
ronmental monitoring with particular emphasis to plastic lit-
ter detection and to the assessment of wildfire-affected and
burned areas.
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