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Abstract—Deep learning (DL) has heavily impacted the dataintensive field of remote sensing. Autoencoders are a type of DL
methods that have been found to be powerful for blind hyperspectral unmixing (HU). HU is the process of resolving the measured
spectrum of a pixel into a combination of a set of spectral signatures called endmembers and simultaneously determining their
fractional abundances in the pixel. This article details the various autoencoder architectures used in HU and provides a critical
comparison of some of the existing published blind unmixing methods based on autoencoders. Eleven different autoencoder methods
and one traditional method will be compared in blind unmixing
experiments using four real datasets and four synthetic datasets
with different spectral variability. Additionally, extensive ablation
experiments with a simple spectral unmixing autoencoder will be
performed. The results are interpreted in terms of the various implementation details, and the question of why autoencoder methods
are so powerful compared to traditional methods is unraveled. The
source codes for all methods implemented in this article can be
found at https://github.com/burknipalsson/hu_autoencoders.
Index Terms—Autoencoder, deep learning, hyperspectral data
unmixing, image processing, multitask learning (MTL), neural
network, spectral–spatial model.

I. INTRODUCTION
VER the last decade, deep learning (DL) has opened new
possibilities in processing data in data-intensive fields,
such as hyperspectral imaging. Hyperspectral imaging belongs
to imaging spectrometry, where an entire spectrum is acquired at
every pixel. The technique has been defined by Goetz et al. [1] as
“the acquisition of images in hundreds of contiguous, registered,
spectral bands such that for each pixel a radiance spectrum can
be derived.”
Hyperspectral remote sensing is a passive remote sensing
technique that combines spectroscopy and digital photography.
As a remote sensing application, it involves extracting information from scenes on the surface of the earth. Because of
the high spectral resolution, hyperspectral imaging data are
very high dimensional and large in size compared to data from
other imaging techniques. This high dimensionality, along with
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both linear and nonlinear spectral mixing, requires sophisticated
data analysis methods. These methods are often in the form of
nonconvex optimization and modeling [2].
The main topics within hyperspectral remote sensing are classification, data fusion, spectral unmixing, target detection, and
physical parameter retrieval [3]. Hyperspectral imaging is not
confined to remote sensing. It has applications in agriculture and
the food industry, biotechnology, medical sciences, the pharmaceutical industry, manufacturing, and forensic science [4]–[9].
Due to the high spectral resolution of hyperspectral images
(HSIs), it is possible to determine which pure materials (endmembers) are present in a scene. However, due to the low
spatial resolution of HSIs, a single pixel often contains multiple endmembers. Therefore, determining the spectra of the
endmembers in an HSI and their proportions in each pixel,
i.e., their abundances, is a challenging inverse problem, which
is the central problem of hyperspectral unmixing (HU). As a
result, HU methods often determine only the endmembers, and
their abundances are then subsequently determined by another
method using the extracted endmembers. Methods that determine both the endmembers and their abundances simultaneously
are known as blind unmixing methods.
The problem of blind HU can be formulated as a nonnegative
matrix factorization (NMF) problem, a type of blind source
separation problem. The idea of autoencoders has been around
since the 1990s [10], and they are neural networks [11] well
suited for solving aforementioned problems.
An autoencoder consists of an encoder that generates a compressed representation of its input and a decoder that reconstructs the input from the representation. By imposing a bottleneck in the network, the network is forced to discover and
learn to leverage any structure present in the data, resulting in
compressed knowledge representations in the bottleneck itself.
Applications of autoencoders include dimensionality reduction,
feature extraction, image generation, data compression, and
many more [12], [13].
The first autoencoder-based method for HSI classification was
published in 2014 [14], where an autoencoder was used for
feature extraction. Autoencoders are commonly used for feature
extraction and dimensional reduction in hyperspectral classification [15]. Works based on autoencoders for pan-sharpening
and image fusion start to appear in 2015 with the method
in [16] among the first to be published. Use of autoencoders for
change and anomaly detection appears much later or in 2018,
with [17] being among the first publications; similar for target
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detection, with [17] from 2018 being among the first papers
to utilize autoencoders. The first published method using an
autoencoder for HU dates back to 2015 [18], and now, six years
later, more than two dozen papers have been published on HU
using autoencoders.
In recent years, excellent reviews have been published on
traditional HU methods; examples include [19]–[26]. The
work [19] reviews nonlinear HU methods. In [20], efforts to
incorporate spatial information are reviewed. The paper [21]
gives a good review of HU in general. The work in [22] gives
a comprehensive exploration of all of the major unmixing approaches and their applications. The papers [23] and [24] focus
on endmember variability in HU and review how it can be addressed, and the work [25] gives a signal processing perspective
on HU. Finally, [26] gives a comprehensive review on spectral
variability.
There have also been reviews published on DL in remote
sensing in general and for hyperspectral imaging, such as [15]
and [27]. The only review paper focusing on DL for spectral
unmixing is [28]. The work [2] is a good review of interpretable
hyperspectral artificial intelligence. This article attempts to give
a comprehensive overview of autoencoder architectures and
provide a critical comparison of autoencoder-based methods
for HU, with a particular focus on blind methods. Recent
autoencoder-based methods will be catalogued, discussed, and
compared in experiments with both synthetic and real datasets.
Nonblind methods using DL techniques are discussed, but the
experiments will only involve blind methods.
Notation: The notation shown below will be used in this
article.
P
Number of pixels in an HSI
B
Number of bands in an HSI
R
Number of endmembers to estimate
A
The matrix of endmembers
S
The matrix of abundances
Endmember i
ai
Abundance vector of pixel p
sp
Spectrum of pixel p
xp
g
Activation function
(l)
zj
Activation of unit j in layer l
W (l) Weights of layer l

II. HYPERSPECTRAL UNMIXING
A. Hyperspectral Imaging
Airborne or spaceborne hyperspectral sensors simultaneously
acquire images in up to several hundred contiguous spectral
bands. The sensors capture both the light emitted and the light
reflected by objects as a spectrum consisting of several hundreds
of channels. This results in a spectral response curve for each
pixel in the image. Because the measured signal from the surface
is affected by atmospheric effects, such as clouds, water vapor,
and aerosols, it is converted to reflectance. Reflectance is defined
as the ratio between the flux coming from the surface and
the incidental flux. This makes it an intrinsic property of the
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materials being imaged. This conversion minimizes the effects
of the imaging conditions.
Since every pixel in an HSI corresponds to a spectral response
curve, the image itself is a 3-D cube of either radiance or
reflectance values. The reflectance spectra of pure materials are
known as endmembers. Because of the low spatial resolution
of hyperspectral sensors, a pixel usually contains multiple endmembers. This makes the spectrum of the pixel some combination of the endmembers, and the pixel is said to be mixed. The
proportional area of the pixel that each endmember covers is
known as the abundance fraction of the endmember.
B. Mixing Models
The problem HU aims to solve arises from the fact that limited
spatial resolution leads to mixed pixels. In what manner this
spectral mixing happens and what assumptions can be made
regarding it is central to unmixing and is captured through the socalled mixing models. There are a linear mixing model (LMM)
and nonlinear mixing models, with the LMM being the most
widely used because of its simplicity and effectiveness.
1) Linear Models: Linear mixing is valid when the mixing
scale is macroscopic, and the incident light only interacts with
one pure material [19]. The spectral mixing occurs within the
sensor because the resolution is not fine enough to separate the
materials. Under the LMM, the spectrum of a pixel xp of an
HSI Y ∈ Rw×h×B having B bands is modeled as a convex
combination of R endmembers am ∈ RB×1 as
xp =

R


smp am + p

(1)

m=1

where the abundance fractions, smp , of pixel, xp , must satisfy
the following two physically inspired constraints: smp ≥ 0 or

abundance nonnegativity constraint (ANC) and R
m=1 smp = 1
or abundance sum-to-one constraint (ASC). p is noise. This can
also be written as a matrix–vector multiplication as
xp = Asp + p

(2)

is the endmember matrix having the endwhere A ∈ R
members in its columns and sp is the abundance vector. The
main drawback of the LMM is its inability to represent spectral
variability, such as variations due to varying illumination conditions. There are other extended and augmented LMMs that can
model spectral variability, such as the perturbed LMM in [29],
the extended linear model in [30], the augmented model in [31],
and the data-dependent multiscale model in [32].
2) Nonlinear Models: When the mixing scale is not macroscopic as for intimate mixtures of materials, or the incident light
scatters off multiple materials, nonlinear models are needed [19],
[33]. Usually, only bilinear interactions are modeled, i.e., when
light reflected off one material reflects off another, a case of
secondary illumination. Models that model bilinear interactions
are called bilinear models [34]–[36].
Another case is intimate mixtures of grains or particles in close
contact with each other, e.g., mineral particles in sand and soil.
Light in such mixtures will typically interact multiple times with
the particles making up the mixture before reaching the observer.
B×R
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The modeling of the optical characteristics of intimate mixtures
is highly nontrivial. The Hapke model [37] is one example.
An example of a general nonlinear model is
xp = Θ(A, sp ) + p

(3)

where nonlinear interactions between the endmembers in A
are given implicitly by the function Θ and parameterized by
the abundance vector sp . This article is only concerned with a
restriction of (3) to the post-nonlinear structure given by
xp = Ψ(Asp ) + p

(4)

where Ψ is a nonlinear function acting on the linear transform Asp . The Hapke model can be considered a special case
of (4) [38]. Later, it will be seen that (4) allows for easier
extraction of the endmember matrix A and the abundances sp
than the general model (3).
C. Spectral Unmixing Methods
Often the first step in HU is to determine how many endmembers are in a given HSI. The most common methods for this are
the method of virtual dimensionality [39], hyperspectral signal
identification with minimum error method [40], the eigenvalue
likelihood maximization method [41], and hyperspectral subspace identification using SURE [42].
Traditional methods for spectral unmixing are often grouped
into three main categories, with the categories defined by how
the problem is interpreted [21]. Among the earliest methods are
the sparse regression methods that seek to express the observed
spectra as linear combinations of known spectral signatures
from spectral libraries [43]–[46]. Methods based on compressed
sensing, such as [47]–[49], also belong to this category of sparse
regression methods.
Another category of methods is geometrical methods. These
methods are centered around the observation that the spectral
vectors generated according to the LMM lie in an R − 1 simplex
in RB×1 with the endmembers at the vertices. Geometrical
methods can be further categorized into pure pixel methods or
minimum volume simplex methods based on whether they rely
on the presence of pure pixels, i.e., the spectra of pure materials
in the data or not. A well-known and widely used pure pixel
method is the vertex component analysis (VCA) [50], while
minimum volume simplex analysis [51] is an excellent example
of a minimum volume technique.
Further examples are 1/2 and q sparsity constrained minimum volume methods in [52] and [53], respectively. The last
category of traditional methods is statistical methods, which
reformulate the unmixing problem as an inference problem
[54]–[56]. Because of the nonnegativity constraint in mixing
models, NMF has been widely used by blind unmixing methods [52], [53], [57]. Most statistical approaches to unmixing are
either variants or some extensions of NMF.
III. AUTOENCODERS
Fig. 1 shows a schematic of an autoencoder. An autoencoder
consists of two parts: an encoder and a decoder. The encoder, GE ,

Fig. 1.
neck.

Schematic of a simple autoencoder with a single hidden layer bottle-

encodes the input, xp , into a latent code or a hidden representation, hp = GE (xp ), in a latent space of typically much lower
dimension. The decoder, GD , must then reconstruct the original
input from the latent code, x̂p = GD (hp ), to minimize the loss
L(xp , GD (GE (xp )))

(5)

where L(xp , x̂p ) is some measure of the discrepancy between
the original input xp and the reconstruction by the autoencoder, x̂p . If W E denotes the weight matrix of the encoder
and W D denotes the weight matrix of the decoder, the forward
pass of the simple autoencoder in Fig. 1 can be written as
x̂p = gD (W D (gE (W E xp )))

(6)

where gE and gD are the activation functions of the hidden layer
and the output layer, respectively. The reconstruction loss is
indifferent to latent space characteristics; therefore, generally,
we need additional constraints to ensure that the autoencoder
learns meaningful representations, i.e., that it learns the data
manifold.
Thus, using appropriate regularization can force the autoencoder to learn the necessary variations to reconstruct training
examples. We want a balance between accurate reconstruction
and staying on the data manifold. The regularized loss has the
form
Lregularized (xp , x̂p ) = L(xp , x̂p ) + λJ(hp , W E , W D )

(7)

where J(hp , W E , W D ) is some penalty that can be a function
of the activities of the units in the bottleneck layer, the weights
of the decoder, or the encoder, and λ is the tuning parameter,
which controls how strong the regularization is.
Now, if we wish to perform spectral unmixing using an
autoencoder, such as in Fig. 1, it is easy to derive the basic
architecture of the autoencoder by comparing the forward pass
given by (6) to the LMM given by (2). The activation function
of the decoder, gE , is required to be linear; therefore, A = W D
and sp = gE (W E xp ).
The encoder encodes the input spectrum to a latent code that
can be interpreted as the abundance fractions. The linear decoder
layer then reconstructs the input as a convex combination of
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the columns of its weights matrix (the endmembers) with the
abundance fractions as the coefficients. The simple autoencoder,
however, fails to satisfy the ANC and ASC constraints. Hence,
a more sophisticated architecture is needed to fully implement
the LMM.
The next few sections will give a brief overview of different
types of autoencoder that have been used for HU.
A. Sparse Nonnegative Autoencoders
It is possible to make autoencoders discover and utilize structures in the data without having a bottleneck layer with fewer
units than the input layer. This is done by forcing the activations
in the hidden layers to be sparse. Fig 2 shows a schematic of such
an autoencoder. This again results in an information bottleneck
that prevents the autoencoder from just learning the identity
function.
However, since the number of bands in an HSI is much greater
than the number of endmembers to estimate, sparse autoencoders
for unmixing use a sparse bottleneck layer, i.e., a layer that has
much fewer units than the input layer, and which is required to
be sparse via a regularizing term in the loss function such as
1 -norm penalty on the activities of the units in the bottleneck
layer.
In order to satisfy the ANC constraint, the abundance fractions, i.e., the output of the encoder part, must be nonnegative.
This can be done in more than one way. One way is to select an
activation function for the last encoder layer that outputs only
nonnegative numbers such as the rectified linear unit (ReLU)
activation [58] given by
ReLU(zi ) = max(0, zi )

(8)

or the sigmoid activation function given by
ez i
.
(9)
1 + ez i
Another way is to let the implementation of the ASC constraint
also take care of the ANC constraint. Using, e.g., the softmax
activation function
ez i
σ(z)i =  zj
(10)
je
sigmoid(zi ) =

to implement the ASC constraint ensures that the abundance
fractions sum-to-one and that they are nonnegative. Later in this
article, different ways to implement the ASC constraint will be
discussed.
It is also necessary to make sure that the weights of the decoder
are all nonnegative as they correspond to the endmembers, which
represent reflectance values and must, therefore, be nonnegative.
This can be done in two ways: employing a nonnegativity kernel
constraint or weights clamping in the DL framework used to
implement the method and using a regularization that penalizes
negative weights. The sparse autoencoder that satisfies all of
these nonnegativity constraints is known as a sparse nonnegative
autoencoder.
Such an autoencoder is effectively implementing NMF. It
factors the observed HSI into the product of two nonnegative
matrices, namely, the nonnegative matrix of abundance fractions

Fig. 2. Schematic of a sparse autoencoder with a single hidden layer.
Dark hidden units have higher activation strength than the lighter ones.

Fig. 3.

Probabilistic graphical model of a VAE.

and the mixing matrix having the endmembers as its columns.
Such autoencoders are widely used in problems that can be
solved through NMF, such as various blind separation problems [59], [60].
B. Variational Autoencoders
The latent space of traditional autoencoders is irregular, making them unsuitable as generative models [61]. Here, irregular
means that two points close in latent space are not guaranteed
to be similar once decoded. This means that two similar inputs
are not necessarily encoded to points close together in the latent
space. Variational autoencoders (VAEs) [62] solve this problem
by utilizing regularized training that ensures that the latent space
has good properties.
Fig. 3 shows the probabilistic graphical model for VAEs. The
VAE contains a probability model of data x and latent variables h. The joint probability distribution of x and h, p(x, h),
factorizes over the graph as p(x, h) = p(x|h)p(h). Only x is
observed as indicated by the shaded circle, and we wish to
infer the characteristics of h, i.e., the conditional probability
distribution p(h|x)
p(h|x) =

p(x|h)p(h)
p(x)

(11)


where the evidence p(x) = p(x|h)p(h)dh is an intractable
distribution. However, p(h|x) can be approximated with a
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An adversarial autoencoder is obtained by regularizing the
autoencoder described above by matching the aggregated posterior q(x) to some arbitrary prior distribution p(h) [63]. This is
done by borrowing the concept of an adversarial network from
GANs. The network labeled D in Fig. 4 is trained to tell if the
latent code comes from the aggregate posterior q(x) or from the
prior p(h). The autoencoder’s encoder acts as a generator of an
adversarial network, while the network D acts as a discriminator.
During training, the adversarial network and the autoencoder
are trained alternately. First, the autoencoder updates both the
encoder and the decoder to minimize the reconstruction error.
Then, the adversarial network updates its discriminator network
D to tell apart the true samples (h sampled from the prior p(h))
from the ones generated by the encoder part and updates its
generator (the encoder) to confuse the discriminator D. The
general loss function of an adversarial autoencoder has the form

Schematic of an adversarial autoencoder.

tractable distributions q(h|x) by minimizing the Kullback–
Leibler (KL) divergence between p(h|x) and q(h|x) as
min KL(q(h|x)p(h|x)).

(12)

It is easy to show that minimizing the KL divergence above
is equal to maximizing the following expression known as the
variational lower bound:
Eq(h|x) [log p(x|h)] − KL(q(z|x)p(h)).

(13)

We can use neural networks to parameterize q(h|x) as qφ (h|x)
(encoder) and p(x|h) as pθ (x|h) (decoder). The reconstruction
of x is then x̂ ∼ pθ (x|h). The first term in (13) is the reconstruction loss L(x, x̂), and the second term can be viewed as a
regularization term that ensures that q(h|x) is similar to p(h).
The loss of the networks is then given by the negative of (13) as
minimizing its negative is equivalent to maximizing it or

KL(qφj (h|x)p(h))
(14)
Ltotal (x, x̂) = L(x, x̂) +
j

where the sum is over the dimensions of the latent space and
p(h) is usually chosen as an unit Gaussian distribution as it
gives a closed form of the KL term and the reconstruction loss
becomes the mean squared error (MSE) loss.
C. Adversarial Autoencoders
An adversarial autoencoder is an approach that borrows ideas
from generative adversarial networks (GANs) to turn a standard
autoencoder into a useful generative model [63]. A schematic
of an adversarial autoencoder is shown in Fig. 4. Here, p(h) is
some prior distribution that we want to impose on the codes h.
The upper part of the figure is a standard autoencoder that tries
to reconstruct its input x. It has an encoder model, qφ (h|x),
which produces a latent code h, and a decoder model, pθ (x|h),
which reconstructs the input from the latent code. The encoder
model defines an aggregated posterior q(x) as

qφ (h|x)pd (x)dx
(15)
q(x) =
x

where pd (h) is the probability density function of the data.

L(x, x̂) = Lreconstruction (x, x̂) + Ladversarial (D(h), D(h ))
(16)
where the adversarial loss can be binary cross entropy [64] loss
or some other loss such as a feature loss as in [65].
D. Denoising Autoencoders
Autoencoders having only a single hidden layer and which
take a partially corrupted input and are trained to recover the
original uncorrupted input are known as denoising autoencoders
(DAs) [66]. At training time, the input x is partially corrupted
using a stochastic mapping, resulting in x̃. The partially corrupted input is then reconstructed in the standard way, x̂ =
GD (GE (x̃)), but the loss is calculated between the reconstructed
input x̂ and the original uncorrupted input, x [66]. It is important
to notice that the input is only degraded during training. To
perform the denoising well, the model needs to extract features
that capture useful structure in the input distribution.
1) Marginalized DAs: Many simple DAs are stacked to form
a deep network by feeding the latent code of the previous DA
as input to the current DA in the stack [66]. The DAs are
pretrained one layer at a time, with each layer trained as a DA
by minimizing the error in reconstructing its input, which is the
output latent code of the previous layer. When stacked DAs are
used for feature learning, linear autoencoders are sufficient, i.e.,
the activation function can be set to be linear, and the effect
of each autoencoder can be given by a single linear transformation W . When considering a deep enough stack of such
single-layer linear denoisers, the corruption can be marginalized
out, and a closed-form solution can be obtained for the effective reconstructing matrix W [67]. The resulting single-layer
autoencoder, which applies the reconstructing matrix, is known
as a marginalized denoising autoencoder (mDAE) and has found
use in spectral unmixing [67], [68].
E. Convolutional Autoencoders
Convolutional autoencoders [69] are based on convolutional
neural networks (CNNs). These networks use convolutional
layers instead of fully connected layers. Convolutional layers
convolve learnable filters with input patches to produce feature
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Fig. 5. Schematic of a general unmixing autoencoder. The figure shows an example having two hidden layers, but the actual number could vary from one to
several. The decoder has a nonnegative weight constraint and linear activation. The ASC constraint is enforced with a normalizing utility layer or softmax activation.

maps. In the context of spectral unmixing, they differ from conventional autoencoders in one crucial aspect, which is that they
are inherently spatial and make use of the spatial correlations
existing in HSIs. In contrast, conventional autoencoders look
at one spectrum at a time and need special regularization to
consider spatial information.
Architecturally, they are similar to conventional autoencoders
used in spectral unmixing. For example, the abundance maps
arise naturally as the feature maps of a “spectral bottleneck”
layer, i.e., a convolutional layer having R feature maps, one for
each endmember. Similarly, the weights of the linear decoder
convolutional layer can be interpreted in terms of endmembers, but to do so for the nontrivial case of filter size larger
than 1 × 1 requires a new spectral–spatial LMM as the reconstruction of a pixel’s spectrum involves the abundances of
neighboring pixels [70].
IV. SPECTRAL UNMIXING AUTOENCODERS
The majority of autoencoder-based methods for blind unmixing are based on the fully connected nonnegative autoencoder.
Here, we will look at various implementation details and choices
taken by methods in blind unmixing that can influence the
performance of spectral unmixing, e.g., choice of loss functions,
choice of activation functions, and so forth. Fig. 5 shows a
generic autoencoder that performs spectral unmixing.
It has a deep encoder with two hidden layers, but the hidden
layers can vary from one to several. The decoder has a nonnegative constraint for its weights and a linear activation. It is
also possible to make the decoder’s weights nonnegative using a
regularization that penalizes negative weights. The activation

function of the encoder is the ReLU or Leaky ReLU
(LReLU) [71]. The ASC constraint is enforced using a normalizing utility layer or softmax activation. In practice, it is convenient
to create a custom layer that enforces the ASC because it makes
it easier to implement abundance regularizations. The forward
pass of this general autoencoder can be written out, using the
notation introduced in Section I-A, as
x̂p = W D (σ( BN g(W (2) BN g(W (1) z (0) ))))

(17)

where BN denotes batch normalization using operator notation,
σ is the ASC enforcing layer, i.e., σ(z) sums-to-one, z (0) = xp ,
i.e., the input layer activations, and W D is the weight matrix of
the linear decoder.
A. Deep Versus Shallow Encoder
The power of depth in feedforward neural networks is still
not fully understood in the field of DL theory [72]. Deep neural
networks can extract better features than shallow networks for
the same amount of computation. In [72], it is proven that deep
networks can approximate the class of compositional functions
with the same accuracy as shallow networks but with an exponentially lower number of training parameters. However, deep
networks are more prone to overfitting and can be harder to
train than shallow networks and require more regularizations.
Whether a deep encoder will extract better abundance fractions
than a shallow encoder most likely will depend on the mixing
model being assumed. It could be argued that a deep encoder
can extract better abundances under a nonlinear mixing model.
We will come back to this question when discussing the experimental results. The methods in [38], [70], and [73]–[77] employ

1346

IEEE JOURNAL OF SELECTED TOPICS IN APPLIED EARTH OBSERVATIONS AND REMOTE SENSING, VOL. 15, 2022

deep encoders. The method in [78] employs a deep 1-D CNN
encoder.

with a dynamically thresholding ReLU activation. Another ASC
implementation that does not require nonnegative activation of
the last hidden layer is

B. Choice of Activation Function for Hidden Layers
The choice of activation function for the hidden layers and
especially the last hidden layer of a deep encoder can significantly influence the behavior and performance of unmixing
autoencoders. Like in DL in general, the trend has been away
from using saturating activation functions, which squeeze their
input, e.g., like the sigmoid function, to using nonsaturating
activation functions such as the LReLU variant given by
LReLU(zi ) = max(βzi , zi )

(18)

where β is a real number between 0 and 1. The problem with
saturating activation functions is that the value of hidden units
often becomes stuck at their asymptotic values, e.g., 0 or 1 for
the sigmoid activation, indicating that the preactivation sum of
products is relatively large. This leads to vanishing gradients
during training. The methods in [18] and [79] use a parameterized sigmoid activation function. The ReLU activation largely
mitigates the problem of vanishing gradients, but the function is
still saturated to the left, and hidden units can become stuck
at zero. In unmixing, this can cause the abundance maps of
certain endmembers to become zero-valued. The works [68],
[76], [77], [80], and [81] all use the ReLU activation. The
LReLU activation is a good choice of an activation function
as it is nonsaturating in both directions. Other nonsaturating
activation function include exponential linear unit (ELU) [82],
scaled ELU [83], and Swish [84]. The methods in [38], [70], and
[74] all use LReLU as the activation function of hidden units.

The last step the encoder needs is making sure the latent code
resulting from previous layers sums-to-one in accordance with
the ASC constraint of the LMM, or
s = σ(h)
where σ is the action of the layer used for the ASC constraint
enforcement. One way to do this is to normalize the latent code
vector, h, resulting from the last layer of the encoder as

j=1

hj

(19)

where s is the abundance vector. If this method is to be used,
it must be ensured that all the values hi , i = 1, . . . , R, are
nonnegative. In practice, this means that the choice of activation
function for the last layer of the encoder is restricted to strictly
nonnegative functions such as ReLU or sigmoid activation functions. It might be argued that thresholding the values using ReLU
or dynamic ReLU
ŝ = max(0, s − α)

(21)

This implementation also takes care of the ANC constraint. The
method in [38] uses this implementation. The method described
in [80] uses a variation of (21), where taking the absolute value in
the nominator is omitted. Yet another implementation of the ASC
that many works use is to apply the softmax function directly to
h or scale it first as in
s = softmax(γh)

(22)

where γ is a constant larger than 1. This implementation also
takes care of the ANC constraint and, by choosing large γ,
achieves something similar to 1 -norm regularization on the
abundance maps. The papers [76], [77], and [80] use the softmax function without scaling to implement the ASC, while the
methods in [70] and [74] use it with a scaling.
The ASC constraint can also be implemented through regularization by adding a penalty term to the loss function that
penalizes if the abundances do not sum-to-one. This can, however, increase the instability of the training process and the time
needed for convergence. The techniques described in [76] and
[77] enforce the ASC through such regularization. A related
implementation is to augment the data matrix and the decoder
weight’s matrix with constant vectors. The methods in [68], [75],
[81], and [85] use this to weakly enforce the ASC constraint.
D. Batch Normalization

C. Implementation of the ASC Constraint

hi
si =  R

|hi |
.
s i = R
j=1 |hj |

Batch normalization is used to speed up the training of neural
networks and make them more stable through normalization of
the inputs to a layer by recentering and rescaling [86]. Initially,
it was believed that batch normalization did work by mitigating
internal covariance shift, which reduces the learning rate of the
network [86], but recent research shows that it works by smoothing the objective function [87]. Batch normalization layers are
usually used after or before a nonlinear activation function such
as ReLU, and they are only active during training.
Regarding the choice of batch size, it is the authors’ experience that small batch sizes yield better unmixing performance
than large batch sizes. In [88], it is argued that large batch
sizes can lead to degradation of the quality of DL models as
measured by their generalization abilities as large-batch methods
tend to converge to sharp minimizers of the training and testing
functions, and sharp minima lead to inferior generalization.
If we let z i , i = 1, . . . , m, be the values of the inputs from
the previous layer for a batch B, we can write the effect of the
batch normalization layer as

(20)

where α is a nonnegative R × 1-vector learned by the network,
as some works do, might deactivate many units in the network
and not utilize its full capacity. The methods in [18] and [73] use
this implementation of the ASC, while [73] additionally uses it

z BNi = BNγ,β (z i ) = γ ẑ i + β
where
z i − μB
ẑ i =  2
σB + 

(23)
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μB =

1 
zi
m i=1

σB2 =

1 
(z i − μB )2
m i=1

m

are estimates of the probability mass functions of the target and
estimated spectra, respectively. The methods in [38], [70], [73],
and [74] all use the SAD similarity measure as the fidelity term
of the objective function, while the method in [91] uses the
SID measure. The most common non-scale-invariant similarity
measure is the MSE given by

m

γ and β are learnable parameters, and  is a very small number.
E. Dropout
Dropout is a powerful regularization technique that helps with
preventing overfitting and improving the generalization of deep
networks. It works by randomly omitting or dropping units of a
layer during the training of a neural network [89]. This prevents
complex coadaptations of units on the training data. It can be
thought of as a way of performing model averaging with neural
networks. In convolutional networks, feature maps, instead of
units, are set randomly to zero or dropped, a case of dropout
known as spatial dropout [90]. When properly used, dropout
can give a better unmixing performance, primarily when used
with deep encoders as they need more regularization. Dropout
is not commonly used in blind unmixing methods. The methods
in [73], [74], and [80] use dropout, while the method in [70],
being a convolutional network, uses spatial dropout.
F. Choices of Loss Fidelity Function and Spectral Variability
The choice of the similarity measure used for the fidelity term
of the loss function is crucial and can significantly influence the
performance of the unmixing autoencoder. The main reason for
this is that some similarity measures are scale invariant, while
others are not. Furthermore, due to variations in illumination
or topography, real hyperspectral data often have considerable
spectral variability, and the LMM cannot model them. This
means that the same material or mixture of materials can have
spectra that differ in scale even though they have the same
abundances.
A similarity measure that is not scale invariant will penalize
the LMM reconstructions that differ in scale from the original
spectra and, thus, cannot handle spectral (scale) variability. In
contrast, a scale-invariant similarity measure will only penalize
based on the difference in shape. Thus, a scale-sensitive similarity measure should not be used for an HSI having substantial
spectral variability. The most common scale-invariant similarity
measures used in unmixing are the spectral angle distance (SAD)
given by


xTp x̂p
(24)
JSAD (xp , x̂p ) = arccos
xp 2 x̂p 2
and the spectral information divergence (SID) measure given by
JSID (xp , x̂p ) =

B


pn
qn

pn log

n=1

+

B


qn log

n=1

where
xp,n

pn =  B

n=1

xp,n

,

x̂p,n

q n = B

n=1
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x̂p,n

qn
pn

(25)

JMSE (xp , x̂p ) = xp − x̂p 22 .

(26)

All the methods in [18], [68], [75], [79], [81], [85], [92], and [93]
use the MSE measure as the fidelity term of the network’s loss
function. It is also possible to use a combination of both scaleinvariant and non-scale-invariant loss terms. The work in [80]
uses such a combination as the fidelity term. In [76], it is argued
that the histogram of the reconstruction error of an unmixing
autoencoder follows a hyper-Laplacian distribution, and hence,
an optimal fidelity term should have the form
JHL (xp , x̂p ) = xp − x̂p qq

(27)

where q is a positive real number, the optimal value determined
as 0.7 in [76].
G. Abundance Regularizations
In order to further constrain the unmixing problem, reasonable
assumptions or priors regarding the abundance fractions are used
to construct regularization terms. These additional terms to the
loss force the latent codes or the learned representations to live in
certain latent space subspaces, reducing its effective dimensionality. The most common assumption made is that the abundance
maps are sparse. Increased sparsity can be achieved by 1 -norm
regularization or, more generally, by q -norm regularization, i.e.,
by an objective function of the form
Lq regularized (xp , x̂p ) = L(xp , x̂p ) + λsp qq

(28)

where 0 ≤ q ≤ 1, and sp is the abundance vector for spectrum
xp . The methods in [76], [77], [80], and [93] all use 1 -norm
regularization to promote sparsity of the abundances.
In [76], it is argued that different abundance maps are close
to orthogonal since no more than two endmembers are usually
mixed within one pixel. This work introduces a new prior based
on this, named orthogonal sparse prior (OSP), given by
 B·i · B·j
(29)
LOSP (B) =
B·i 2 B·j 2
i<j
where B ∈ Rb×R is a batch of size b of generated abundance
maps. An ablation study shows that the OSP regularization leads
to more sparse abundance maps than the conventional norm
based prior. The work in [94] uses inhomogeneous Gaussian
Markov random field (IGMRF) as a prior for spatial abundances
regularization. In [92], a VAE is used as an abundance regularization to enforce the ASC constraint.
H. Weights and Endmember Regularizations
Weight decay, 2 -norm regularization on the weights of the
encoder and decoder, is commonly employed to reduce overfitting and for better generalization. It can be applied by adding a
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term in the loss function as
L2 regularized (xp , x̂p ) = L(xp , x̂p ) + λW F
where

⎛
W F = ⎝

m 
n


(30)

⎞1/2
Wij2 ⎠

i=1 j=1

and W is the weight matrix of the layer we wish to regularize.
2 regularization penalizes the sum of squares of the weights
and, thus, encourages smaller weights. Unlike 1 regularization,
it does not lead to sparse solutions. In [80] and [93], 2 is used
both for the weights of the encoder and the decoder. The method
in [81] applies 21 regularization to the encoder’s weights with
21 -norm being a rotational invariant 1 -norm (R1-norm) defined as [95]
⎛
⎞1/2
m
n


⎝
W 21 =
Wij2 ⎠
i=1

j=1

for an m × n matrix W .
Another well-known regularization of the endmembers, i.e.,
the weights of the decoder, is minimum volume regularization.
This regularization aims to minimize the volume of the simplex
defined by the origin and the endmembers, i.e., the columns of
W D . All reconstructed spectra are guaranteed to lie inside this
simplex, being convex combinations of the endmembers. The
volume of this simplex is often denoted by
MinVol(W D ) = | det W D |.
Therefore, the loss function with minimum volume regularization has the form
LMV regularized (xp , x̂p ) = L(xp , x̂p ) + λMinVol(W D ). (31)
The methods in [85] and [92] employ this regularization. In [94],
an IGMRF prior is used for spectral regularization of the endmembers. The reconstructed HSI is also regularized using a
spectral–spatial IGMRF prior.
I. Multitask Learning
Recently, there have been two techniques for HU [74], [75]
that have utilized multitask learning (MTL). In the context of
neural networks, MTL means that the network learns multiple
related tasks in parallel, and parameters are shared between the
tasks, usually via shared layers [96]. Thus, the different tasks
are implemented as different branches of one network, which
can have multiple inputs and outputs, depending on the problem
being solved [97]. The benefits of MTL in spectral unmixing
autoencoders include the following.
1) Faster learning: When tasks are correlated, they will contribute to the aggregate gradient during backpropagation
and increase the effective learning rate on the input to
hidden layer weights [96]. This means that useful features
will form faster in the shared hidden layer of the network.
2) Reduced risk of overfitting: It has been shown that when
layers are shared between tasks, the risk of overfitting the

shared parameters can be up to an order N smaller, where
N is the number of tasks [98].
3) Improved stability: It has been shown that MTL tasks
prefer similar hidden layer representations [96]. For MTL
autoencoders, where each task is unmixing a different
pixel of a patch, this can increase the method’s stability
and consistency.
4) Incorporation of spatial information: MTL allows for the
construction of autoencoders that can unmix a whole patch
at a time by having one task for unmixing each pixel from
the patch. This allows for fully connected networks that
can directly exploit the spatial correlation in the HSI with
all the above-listed benefits of MTL.
In [74], MTL is utilized for spectral–spatial unmixing, and
in [75], MTL is utilized to perform bilinear mixing model
spectral unmixing. One task performs the linear unmixing, and
another task updates the bilinear components.

J. Approaches Utilizing Adversarial and VAEs
Recently, several HU methods have utilized VAEs. In [92],
a VAE is used to ensure the nonnegativity and sum-to-one
constraints of the abundances. The paper [99] employs a VAE
to learn a spectral variability model and generate endmembers.
The generated endmembers are then used to solve a spectral
unmixing problem, cast as an alternating nonlinear least-squares
problem that is solved iteratively, alternately adjusting the abundances and the low-dimensional representations of the endmembers in the generative model.
Recently, several papers where adversarial autoencoders and
generative models are used for unmixing have been published.
A joint metric neural network in the form of an adversarial
autoencoder is suggested in [65]. There, the Wasserstein distance [100] between features in the discriminator is used to
regularize the autoencoder, which is using the SAD as the loss
function. The Wasserstein distance between features of real
and reconstructed spectra provides useful gradient information
that promotes the autoencoder to reach a solution with better
unmixing performance.
In [101], an abundance estimation method is suggested using
1-D convolution kernels and spectral uncertainty. High-level
representations are computed and are further modeled with the
multinomial mixture model to estimate abundance fractions
under high spectral uncertainty. A new trainable uncertainty term
based on a nonlinear neural network is used in the reconstruction
step. The uncertainty models are optimized by the Wasserstein
GAN [102] to improve stability and capture uncertainty.
In [103], an adversarial loss is used to guide an autoencoder
network by encouraging the encoder to match an abundance
prior derived from superpixels using VCA and fully constrained
least squares. A conceptually similar paper is [104]. Here, two
autoencoders share decoder weights. One network reconstructs
endmember bundles obtained by VCA from superpixels of an
HSI, while the other is a standard spectral unmixing network
reconstructing the pixels of the HSI. This is an example of a two
stream network, where one stream guides the other.
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The method in [105] borrows the concept of cycle consistency,
similar to the concept behind CycleGan [106]. Here, two 2-D
CNN unmixing autoencoders are learned in cascade. The first
autoencoder performs blind unmixing of the original HSI, and
the second performs blind unmixing of the reconstruction by
the first one. The network loss is the self-perception loss defined
as the sum of the reconstruction terms w.r.t. the original HSI
and a term that penalizes the network if the abundance maps
of the autoencoders are dissimilar. A conceptually similar cascade approach, which additionally utilizes self-supervised learning, is [107]. Here, a two-stage network is utilized; one stage
performs unmixing (inverse model), while the other (forward
model) learns the physics of the hyperspectral data acquisition
to handle noise and perturbations better.
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The method in [110] is the first blind HU method to utilize a
long short-term memory [111] network. It additionally utilizes
an attention mechanism to selectively focus on parts of the input
during learning.
A method that addresses a general model that consists of
a linear component and a nonlinear component was proposed
in [112]. The encoder is in the form of a 3-D CNN network to
better capture the spectral–spatial priors from the data. The decoder has a model-based structure so that nonlinear interactions
are imposed on the endmembers weighted by the abundances.
In [113], a method for nonlinear unmixing is given that is a
combination of a kernelization layer using radial basis functions
and autoencoder structures. The method proposed in [114] is
a model-based autoencoder method that considers the mixing
model to be a nonlinear fluctuation over a linear mixture.

K. Utilization of Spatial Information
Like other natural images, HSIs have highly correlated pixels,
and it is desirable to use this spatial information. However, most
unmixing methods are strictly spectral and do not directly exploit
the spatial structure of HSIs. This means that the methods work
with one pixel at a time, even though it may use regularizations
based on assumptions about the spatial structure, which will not
be considered here to count as directly exploiting the spatial
structure. At the time of writing this, there are three blind unmixing methods based on autoencoders that directly exploit the
spatial structure of HSIs. The method in [74] directly unmixes
a patch at a time using a multiple branch architecture that is
inspired by MTL [96], [97].
The other techniques directly exploiting the spatial structure
of HSIs are proposed in [70] and [105] and are fully convolutional autoencoders that are inherently spatial in nature.
They exploit the spatial and spectral structure of HSIs both for
endmember and abundance map estimation. Working directly
with patches of HSIs and not using pooling or upsampling
layers preserves the spatial structure throughout the network.
The abundance maps arise then naturally as feature maps of a
hidden convolutional layer. This makes it very easy to apply
complex spatial regularization on the abundances such as total
variation.
L. Working in Transformed Domains
Working in transformed domains, e.g., the wavelet or curvelet
domains, has been shown to be beneficial for blind NMF-based
HU [108], [109]. It is reasonable that this should also apply to
autoencoder-based methods. A literature search shows that there
are many applications of autoencoders working in transformed
domains but only one in HU, the work in [93].
M. Nonlinear Approaches
In the last two years, a number of autoencoder-based methods
for nonlinear unmixing have been published. Here, some of the
latest approaches will be briefly discussed. Many of the methods
are based on the post-nonlinear structure (3), but some extend it
and are more general.

N. Hyperparameter Selection
Tuning hyperparameters is important in DL-based methods, and much effort has been devoted to the problem. In
DL, algebraic models are usually unavailable, and the model
usually has to be treated as a blackbox when tuning hyperparameters. To evaluate the performance of a model for a given
set of parameters, k-fold cross-validation [115] is often used.
Generally, any gradient-free optimization method can be applied
to hyperparameter tuning of DL models. Two standard but
primitive methods are grid search and random search.
In grid search, a finite set of values of each hyperparameter is
specified, and the model is evaluated on the Cartesian product of
these sets. Grid search suffers from the curse of dimensionality
as the required number of evaluations grows exponentially with
the dimension of the configuration space [116]. Random search,
which samples configurations randomly, usually works better
than grid search when some hyperparameters are much more
important than others and allows for better parallelization [117].
In recent years, Bayesian optimization [118] has emerged as a
state-of-the-art optimization framework for the optimization of
blackbox functions, especially expensive ones. Bayesian optimization is an iterative method to optimize such blackbox objective functions. The objective function is treated as a random function, and a prior is placed over it. Then, the posterior distribution,
known as a surrogate model of the objective function, is used
to determine what set parameters should be queried in the next
iteration. After each iteration, the posterior gets updated, and the
objective function is mapped out better. The Bayesian approach
uses a Gaussian process to model the objective function and
defines an acquisition or selection function used to determine the
next point in the parameter space to evaluate. The most common
choice of the acquisition function is the expected improvement,
which estimates how much the objective function is expected to
improve.
Applying loss-based optimization methods to spectral unmixing autoencoders is very difficult. The main reason for this is
that the network’s actual loss is not a measure of its unmixing
performance. Instead, the network’s loss is a similarity measure
between the input and the reconstructed input. The unmixing
performance measures the quality of the weights of the linear
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decoder (the endmembers) and the abundances that are the
encoder part’s latent codes.
Thus, it cannot be said that autoencoder methods converge to
a solution regarding the endmembers or abundances, in contrast
with many traditional methods. Only if ground truth is available
is it possible to construct a function to measure the unmixing
performance and score it. In [119], Bayesian optimization is
used with such an objective function that scores the extracted
endmembers with the average SAD from given reference endmembers. In addition, in [53], the Bayesian information criterion
is used to select optimal regularization parameters.
It is, therefore, challenging to use traditional hyperparameter
tuning methods such as Bayesian hyperparameter optimization
or maximum a posteriori [120] to select hyperparameters for autoencoder unmixing methods. This is partly because the number
of epochs used for training is one of the hyperparameters, and we
do not have strict convergence concerning the quality of the endmembers. In addition, because of random weight initialization,
many runs are required per hyperparameter configuration to get
a reliable measure for any automatic or manual hyperparameter
selection. This makes hyperparameter tuning for spectral unmixing autoencoders very costly. To make matters worse, different
hyperparameters are usually needed for different HSIs.
One approach that has been published on automatic regularization parameter tuning on HSIs without any ground truth is
described in [121]. There, a technique for the automatic tuning of
a minimum volume regularization parameter for a geometrical
HU method is suggested. The parameter controls the tradeoff
between the reconstruction error and the simplex volume of the
endmember matrix. The technique is based on the geometrical
insight that a good parameter value should result in an estimated
endmember simplex whose boundary is close to the boundary
data points. A similar approach could be adopted to autoencoderbased methods regarding the tuning of regularization parameters
in the absence of ground truth.
For the experiments in this article, the hyperparameter values
used for the methods were the ones recommended by their
authors.
O. Recommended Implementation Choices
Here, some pros and cons of the main architectures and
implementation details will be discussed, and recommendations
based on the authors’ experiences will be given. For a method
that will use spatial regularizations of the abundance maps,
the best architecture is a fully convolutional autoencoder. This
architecture makes it very easy to work with complex spatial
regularizations of the abundances as they arise as feature maps
of hidden layers in the network and can be easily worked with. In
addition, the CNN approach is inherently spectral–spatial. For
mostly spectral methods, a fully connected autoencoder is the
best choice.
For most purposes, a shallow encoder with at most one hidden
layer besides the bottleneck abundance layer is the best choice.
Deeper encoders do not give better performance for simple
mixing models such as the LMM. Extra hidden layers also result
in extra hyperparameters, i.e., the number of hidden units. If the

decoder is nonlinear with many layers, a deeper encoder could be
beneficial. The recommended activation function for the hidden
layers of the encoder is the LReLU function. It is nonsaturating
in both directions and prevents units from getting stuck with
zero activations.
The decoder should be made nonnegative using a weights
constraint or a regularization that penalizes nonnegative weights.
In the authors’ experience, regularizations on the endmembers
or the weights of the network, such as weight decay, are not
as important as appropriate regularizations on the abundances.
Initializing the weights of the decoder, e.g., using VCA, does
not give better performance when using scale-invariant loss
functions and randomly initialized encoder.
For enforcing the ASC, the softmax function with a scaling
factor as in (10) is a good choice and also the normalization with
absolute values in (21). Using Batch normalization is essential
when training spectral unmixing autoencoders, and the batch
size should be kept low for best performance.
The most important implementation choice is the choice of
the fidelity term. For datasets with a lot of spectral variability,
scale-invariant losses, such as SAD, will give better performance
for mixing models such as the LMM. Not unless the method is
specifically designed to work with spectral variability should a
non-scale-invariant loss such as MSE be used.
Adversarial regularization, multistream architectures, and
VAEs are becoming popular, and such architectures are the way
forward in the authors’ opinion. What has been said here regarding implementation choices also applies to these architectures.
V. NONBLIND METHODS BASED ON AUTOENCODERS
Until now, only blind unmixing methods based on autoencoders have been discussed. Nonblind approaches are methods
that estimate the abundances of endmembers but not the endmembers themselves. Many methods use neural networks for
abundance estimation, and in most cases, such networks are essentially autoencoders or utilize autoencoders. This section will
discuss various nonblind approaches based on autoencoders, but
it is not meant to be a comprehensive review of such methods.
We have seen a direct correspondence between the weights of
a linear decoder in a spectral unmixing autoencoder and the endmembers matrix, according to the LMM. If a set of endmembers
is given, they can be used as the weights of a nontrainable linear
decoder. It is then prevented from changing during training,
which then only trains the encoder part. Such a network is still
an autoencoder but works like a nonlinear regression method
that determines the abundances maps corresponding to the given
endmembers.
This approach is used in [122], where the encoder part of a
spectral unmixing network is improved to utilize convolution
layers to enable deeper architectures of the encoder, and custom
spectral normalization layers are used instead of batch normalization. The decoder has fixed weights with endmembers coming
from another method. The work [123] also uses a deep convolutional encoder and a fully connected decoder with fixed weights
to perform supervised or nonblind unmixing. Another method
based on this concept is in [124], where the encoder is a deep
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convolutional network using a deep prior. The fixed decoder approach can be generalized to use a whole spectral library of endmembers, resulting in a combination of autoencoder unmixing
and sparse-regression-based methods using a spectral library.
The technique in [125] is an example of such a method.
The encoder has a deep convolutional architecture, but the last
two layers are fully connected and use the softmax activation,
essentially a classifier that picks the most suitable endmembers
out of many. The input to the decoder layer has a much higher
number of units than the number of endmembers to be estimated,
but most of these activations will be zero since the output of the
encoder is required to be sparse.
Another approach for abundance estimation utilizes MTL
(multistream networks) and involves two different networks or
tasks that share layers. A reconstructing autoencoder network
is guided by another network that shares layers with the autoencoder in this approach. This guiding network is typically
trained to learn the relationship between endmember candidates
obtained by another endmember extraction method and their
abundances as determined by the LMM. This network will guide
the reconstructing autoencoder and make its encoder part encode
spectra to abundances. The papers [126] and [127] are examples
of this type of approach.
A variation of this is the method described in [128], where
the guiding network is itself a spectral unmixing autoencoder
that shares decoder weights with another spectral unmixing
autoencoder. The guiding network is trained on endmember
bundles obtained by VCA from superpixel segmentation of an
HSI. Both networks are encouraged to produce latent codes that
follow the Dirichlet distribution, i.e., sum-to-one.
This short overview of nonblind methods illustrates further
how powerful and widespread the autoencoder architecture is
becoming in HU.
VI. EXPERIMENTAL RESULTS
This section provides an experimental foundation for the
previous section and determines experimentally what makes
unmixing autoencoders perform well. The performance of 11
blind unmixing methods will be evaluated and compared using
four real datasets with accompanying reference endmembers and
reference abundance maps.
Furthermore, all methods will be evaluated on four synthetic
datasets having the same absolute ground truths but with different spectral variability. In addition, ablation experiments will
be performed on a very general and simple spectral unmixing
autoencoder. First, the ablation experiments aim to demonstrate
what makes autoencoder-based methods powerful compared to
traditional methods. Second, the effects of three different ways
to enforce the ASC will be studied for two different activation
functions for the encoder. Finally, the effects of nonlinear versus
linear decoders will be investigated. The endmember extracted
by methods will be evaluated using the mean spectral angle
distance (mSAD), given by
1 
arccos
mSAD =
R j=1
R

âj , aj
âj 2 aj 2

(32)
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where âi are the endmembers extracted by the method and
ai are the reference endmembers. The lower the mSAD, the
higher the similarity. In the result tables, the SAD for individual
endmembers will also be given. Abundance maps generated by
the methods will be compared to reference abundance maps
using the RMSE measure given by


R
1 
RMSE = 
Sj − Ŝj 2
(33)
R j=1
where Ŝi are the abundance fractions of all pixels for endmember
i and Si are the reference abundance fractions.
The results of both endmember extraction and abundance
maps generation for all the methods will be discussed, especially
how they can be interpreted in light of the discussions in previous
sections. Finally, the computation costs of the methods will be
compared and discussed.
A. Datasets
All experiments were performed using four real HSIs described below and four synthetic datasets with increasing spectral variability. The methodology for determining the reference
endmembers and abundance maps is described in [129]. The
datasets are as follows.
1) Samson: The SAMSON sensor obtained this widely used
dataset, and it is a cropped image from a larger image.
The size is 95 × 95 pixels, and the number of bands is 145
covering the 401–889 nm wavelength range. The dataset
has the following endmembers: Water, Soil, and Tree.
2) Urban: Obtained by the Hyperspectral Digital Image Collection Experiment [131] sensor, this image is 307 ×
307 pixels and has 210 bands covering the 400–2500 nm
wavelength range. After removing corrupted and noisy
bands, 162 bands remain. Here, four, five, and six reference endmembers are used in experiments. Grass, Tree,
Asphalt, and Roof were selected as the references for four
endmembers. The five endmembers’ reference additionally includes the Soil endmember, and the six endmembers’ reference additionally includes the Soil and Metal
endmembers.
3) Houston: This dataset is a cropped image from a larger one
acquired over the University of Houston campus, Houston,
TX, USA, in June 2012, and has 144 bands covering the
wavelengths of 380–1050 nm with a spatial resolution of
2.5 m. The cropped image is 170 × 170 and is centered
on the Robertson Stadium on the Houston campus and
surrounding area. For this dataset, four endmembers are
estimated, and the reference endmembers are selected
from the averages of the 15 classification ground truth
categories that come with the dataset.
4) Apex: This hyperspectral dataset is a cropped image from
a much larger one acquired by the APEX [132] sensor
during a clear day in June 2011 at an altitude of 4600 m
above sea level with a heading of 56◦ in the vicinity
of Baden, Switzerland. Two hundred eighty-five bands
cover the wavelength range between 413 and 2412 nm, all
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Fig. 6. RGB images of the datasets used in the experiments. The Samson and Urban images were colored using the technique in [130]. The Apex and Houston
images are actual RGB images. (a) Samson—simulated. (b) Urban—simulated. (c) Houston—actual. (d) Apex—actual.

usable. The cropped image is 300 × 300 pixels subimage
cropped from the larger 1500×1000 image at location
(70,650). Here, four endmembers are estimated, and the
reference endmembers are Asphalt, Vegetation, Water, and
Roof.
5) Synthetic datasets: These datasets use a 100 × 100 pixel
cropped image from the reference abundance maps for
the Urban dataset as ground truth for the abundance
maps. A VAE is used for every pixel to generate samples
of the reference endmembers with controllable spectral
variability. Here, four endmembers are estimated, and the
reference endmembers are Asphalt, Vegetation, Water, and
Roof.
Simulated and actual RGB images of the real datasets used
are shown in Fig. 6.
B. Methods Compared in Experiments
The methods compared in the experiments are listed in Table I.
The source code for methods number 4, 6, and 7 could not
be obtained, so the authors implemented them. Method 12,
sparsity-regularized NMF, is a benchmark traditional method.
The Endnet method was not published as a usable blind method
as the generated abundance maps were of low quality due to
particular implementation of a batch normalization layer and
high 1 -norm sparsity regularization. In our implementation,
the batch normalization does not ruin the abundance maps, and
neither does the chosen optimal strength of the 1 regularization.
Therefore, the method produces usable abundance maps in our
implementation. The method mDAE was initially implemented
in MATLAB, but we used the Tensorflow DL framework for
our implementation. Methods 1–4 are randomly initialized. All
other methods are initialized using VCA.
C. Ablation Experiments
These experiments use a simple spectral unmixing autoencoder. Its architecture is shown in Fig. 7.
The encoder only has a single layer, and the activation can be
either the ReLU or the LReLU activation with slope parameter
0.1 for the negative preactivations. A batch normalization layer
is used after the activation to speed up learning. The ASC
is enforced using one of the following: the softmax function,

Fig. 7.
ments.

Architecture of the simple autoencoder used in the ablation experi-

simple normalization according to (19), or normalization of
absolute values according to (21). The loss function is either
the SAD or MSE function.
1) Comparison With NMF-1/2 : In this experiment, the simple autoencoder is compared with the NMF-1/2 , a widely used
NMF method that is sparsity regularized. The ASC will be
enforced using the softmax function, and the ReLU activation
function is used for the encoder. The loss function is either MSE
or SAD. Fig. 8 shows the results of the experiment for the Urban
and the Samson datasets.
Fig. 8 shows that a simple spectral unmixing autoencoder
using the MSE function for the fidelity term and LReLU activation is only slightly better than the NMF-1/2 method for the
Urban dataset and slightly worse for the Samson dataset. When
the autoencoder uses the SAD loss function and the LReLU
activation, the performance becomes significantly better than the
performance of the NMF method. However, when the activation
function is the ReLU, we see a much worse performance with
the autoencoder.
This is because ReLU units can get stuck when using the
ReLU activation and batch normalization. The ReLU activation
has a zero gradient for negative preactivations, while the LReLU
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TABLE I
METHODS USED IN THE EXPERIMENTS

always has a nonzero gradient. This shows that care should be
taken when using the ReLU activation.
This experiment largely answers why autoencoder methods
using the SAD loss can achieve much better unmixing performance than autoencoder methods using the MSE loss function.
The scale invariance of the SAD loss function makes the autoencoder able to handle the spectral variability inherent in most real
HSIs.
2) Comparison Between Different ASC and Activation Combinations: In this experiment, the effect of different ways to
enforce the ASC will be compared for both MSE and SAD losses
and using the ReLU and LReLU activations. Three different
ways of enforcing the ASC will be tested:
a) using the softmax function;
b) normalizing the activations according to (19);
c) normalizing the absolute value of the activations (absnorm) according to (21).
The results of this experiment are shown in Fig. 9 . The results
are interesting but not surprising. For LReLU and the Urban

dataset, the difference between the different ways of enforcing
the ASC is negligible. However, for the Samson dataset with
LReLU, softmax is the best option for both losses.
This difference is because LReLU allows negative activations,
and for the Samson dataset, there seems to be a much more
preference for negative activations than for the Urban dataset.
Negative activations in the layer just before the ASC is enforced
will negatively affect the simple normalization as it will break
the ANC constraint. It might be argued that LReLU activation
will lead to less sparse abundance maps than if ReLU activation
combined with batch normalization is used.
A ReLU activation for the last layer might work well in deep
encoders and possibly give more sparse maps. The absnorm
method is not as affected, but softmax does not care about the
signs of the activations and will always return a vector that sumsto-one. It seems that the neural network can best adapt to the
softmax method of enforcing the ASC.
The ReLU part of this experiment is plagued by the ReLU
units getting stuck, certain endmembers stopping converging,
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Fig. 8. Comparison between a simple autoencoder, using either the MSE or SAD function for the fidelity term, and the NMF-1/2 method. The autoencoder
uses either the LReLU or ReLU activation. The black bars show the standard deviation. All experiments consisted of 25 runs. (a) and (c) Samson dataset. (b) and
(d) Urban dataset.

and is hard to interpret. This experiment shows that for some
datasets, it can matter how the ASC is enforced. Using the
softmax method gives good performance in both datasets and
can be considered the safest option to enforce the ASC. By using
a scaling factor for the activations entering the softmax function,
the function can be soft thresholding and act very similarly to
1 -sparsity regularization.
3) Linear and Nonlinear Decoders: Until now, we have
mainly discussed autoencoders having linear decoders, where
the endmembers are the weights of the decoder at the end of training. It is possible to have multilayered and nonlinear decoders
in spectral unmixing autoencoders. If the decoder has multiple
layers, the endmembers cannot be extracted as the weights of
any layers. However, the endmembers can be obtained from the
decoder by decoding one-hot vectors, i.e., the abundances of
pure pixels.

In this final ablation experiment, we will compare two autoencoders with identical encoders, but one has a linear decoder
and the other a nonlinear decoder. In the case of the nonlinear
decoder, the endmembers are obtained by a prediction by the
decoder part on the identity matrix (abundances of pure pixels).
The nonlinear decoder has three layers: one with 4×R units and
two layers having B units.
Three datasets are used, the Urban, Samson, and Houston
datasets, and the LReLU activation was used for the encoder.
Four different batch sizes are used: 6, 10, 15, and 25. Fig. 10
shows the results of the experiment. The figures in the top row
are the mSAD of extracted endmembers, and the figures in the
bottom row show the RMSE for the abundance maps.
What first stands out when looking at Fig. 10 is that the
batch size is a hyperparameter that can affect the performance,
especially for the endmembers. The best SAD performance on
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Fig. 9. Comparison between three ways of enforcing the ASC constraint for both the MSE and SAD losses and using the LReLU or ReLU activations. The black
bars show the standard deviation. All experiments consisted of 25 runs. (a) Urban dataset with LReLU. (b) Samson dataset with LReLU. (c) Urban dataset with
ReLU. (d) Samson dataset with ReLU.

the Urban and Houston images is for small batch sizes, while
for Samson, it is best to use moderately large batch sizes. It
can be seen that for the Urban image, having more parameters
in the decoder is beneficial for the mSAD scores of extracted
endmembers.
The case of the Samson image is not as clear and depends
on the batch size. The results for the Houston image show that
a nonlinear decoder gives better mSAD scores, indicating that
this image has more nonlinear mixing than the other images.
Regarding the quality of the abundance maps, the experiment is
not conclusive. However, it is interesting to see that a nonlinear
decoder that does not correspond to the LMM can benefit endmember extraction, while the quality of abundance maps does
not change much. A deeper encoder in combination with the
nonlinear decoder might give better abundance maps.
4) Summary: The results of the ablation experiments can
now be summarized as follows.
a) Autoencoder methods should use a scale-invariant loss
such as SAD, and the use of MSE should be avoided

unless the methods specifically handle spectral variability
through an extended LMM.
b) Using the LReLU activation in combination with softmax
to enforce the ASC works well, but abundance maps might
be less sparse than if ReLU is used. Care should be taken
when using the ReLU activation to prevent units from
getting stuck.
c) Batch size affects the performance of unmixing autoencoders and is dataset dependent.
d) Using a nonlinear decoder with more parameters can
benefit the quality of extracted endmembers, especially for
images with nonlinear mixing. The effect on the quality
of the abundance maps is not very significant.
D. Synthetic Datasets With Varying Spectral Variability
For this experiment, a VAE was used to learn the Urban
image and the reference endmembers (four endmembers) were
encoded into codes in the 2-D latent space of the encoder.
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Fig. 10. Comparison between having a linear or nonlinear decoder. The encoder uses the LReLU activation. Four different batch sizes are tested. The graphs
in the top row show the average SAD for extracted endmembers, while the bottom row shows the RMSE of the abundances. The black lines show the standard
deviation. All experiments consisted of 25 runs. (a) Urban dataset—SAD. (b) Samson dataset—SAD. (c) Houston dataset—SAD. (d) Urban dataset—RMSE.
(e) Samson dataset—RMSE. (f) Houston dataset—RMSE.

By sampling within a circle in the latent space centered on
the codes of the reference endmembers, new variations of the
endmembers can be generated using the generator part. The
radius of the sampling circle controls the spectral variability of
the sampled endmembers. A 100 × 100 pixel crop of the Urban
dataset reference abundance maps was then used to provide the
ground truth abundance fractions for every pixel and new spectra
generated by using sampled endmembers for every pixel in the
abundance maps.
Four such datasets were generated with sampling radii of 0,
0.1, 0.2, and 0.4. Fig. 11 shows examples of sampled endmembers for two different radii. Every method was run 25 times for
each of these synthetic datasets, and a bar plot of the average
SAD for each dataset is shown in Fig. 12.
Fig. 12 is very informative. It shows well the effect of spectral
variability on the performance of methods using the MSE objective function. The six rightmost methods all use the MSE fidelity
term, and they all achieve very good mSAD for zero spectral
variability. Even the mDAE method that performs very poorly on
real datasets achieves good mSAD for zero spectral variability. It
is striking to see how similar the performance of the NAE-VCA,
SNSA, uDAS, and DAEN is to NMF-1/2 on these datasets.
As the spectral variability increases, the non-scale-invariant
methods perform increasingly worse.
The methods using scale-invariant fidelity terms exhibit
strong robustness against spectral variability. Only DAEU

performs increasingly worse with increasing spectral variability.
The methods CNNAEU and MTAEU seem to benefit from being
spectral–spatial as demonstrated by the low mSAD score. The
Endnet method also has good performance and is not affected
by the increasing spectral variability. OSPAEU method using
the hyper-Laplacian loss shows some sensitivity to the spectral
variability, which is to be expected, but less than the methods
using the MSE loss. The results of this experiment indicate that
experiments with synthetic datasets having low or zero spectral
variability are not a good benchmark for autoencoder methods
in general. Low spectral variability results in a bias toward
non-scale-invariant fidelity terms on such datasets that would
not reflect real datasets.
E. Experiments With Real HSIs
1) Endmember Extraction: When evaluating the endmember
extraction performance of the methods, the following three
qualities will be in focus:
a) The average SAD from the reference endmembers;
b) The variance of the average SAD score. A good method
should have a low variance;
c) The accuracy of the method is studied.
Accuracy is not quite the same thing as consistency. Here, we
are looking at if the method finds the same correct endmembers
every time or most of the time. A consistent method is a method
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Fig. 11. Sampled endmembers for the synthetic experiment based on the
Urban image for two different sampling radii. (a) Sampled endmembers using
radius = 0.05. (b) Sampled endmembers using radius = 0.4.

that finds similar endmembers in each run, i.e., has low variance.
Plotting all extracted endmembers for every run and showing
these together in a single figure is an excellent way to evaluate the
methods. The Urban, Houston, and Apex datasets were used to
evaluate the endmember extraction performance of the methods.
a) Urban dataset: In the first experiment, we use the Urban
dataset, extract the first four, then five, and finally six endmembers, and compare the extracted endmembers to the reference
endmembers. As the number of estimated endmembers increases, it becomes harder to get good solutions. It is interesting
to see how the solutions for the initial endmembers behave as
new additional endmembers are estimated. Figs. 13–15 show
extracted endmembers for all the methods for the Urban dataset
with four, five, and six reference endmembers, respectively. The
reference endmembers are shown with red color. Tables II– IV
tabulate the average SAD from reference endmembers in radians
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along with the standard deviation for the Urban dataset with four,
five, and six reference endmembers, respectively.
When estimating four endmembers, CNNAEU, MTAEU, and
Endnet show good performance, low variance, and good accuracy. The DAEN method has good consistency but bad accuracy.
The mDAE method, which is the only method with tied weights,
is very unstable, and this instability can most likely be attributed
to tying the weights and spectral variability in the image. The
method NLAEU has highly negative endmembers as it lacks
a nonnegativity constraint. This makes the method essentially
unusable when not initialized and trained carefully.
The methods uDAS, SNSA, and DAEN interestingly all yield
similar endmembers. The DAEU and SIDAEU methods have
medium consistency and not very good accuracy, i.e., mSAD
score. The OSPAEU technique has bad accuracy because the
“Roof” endmember oscillates between three different solutions.
As the number of estimated endmembers is increased to five,
the average SAD scores of all methods increase and many methods’ accuracy decreases significantly. Endmembers that previously had good accuracy become unstable. Again, CNNAEU,
MTAEU, and Endnet show the best performance and accuracy,
with CNNAEU having the best accuracy and consistency and
Endnet having the second-best consistency. MTAEU has one
inconsistent run, where it estimates the Asphalt endmember as a
“Tree” endmember variant, resulting in worse mSAD and lower
consistency.
The OSPAEU technique estimates the new “Soil” endmember quite well, but the “Asphalt” endmember, which previously, when estimating four endmembers was good, becomes
unstable. Interestingly, the NLAEU method, which previously
yielded highly negative endmembers, estimates them consistently mostly nonnegative. Still, the consistency is not good.
DAEN, uDAS, and SNSA seem to have trouble estimating the
new “Soil” endmembers.
When estimating six endmembers, the trend of increasing
average SAD and decreasing consistency continues. The bestperforming methods are again CNNAEU, MTAEU, and Endnet.
CNNAEU and MTAEU have greater difficulty estimating the
“Metal” endmember than the Endnet method, but they retain
excellent accuracy and good SAD scores for the five other
endmembers. Both methods are spectral–spatial methods. For
Endnet, the cost of a good “Metal” endmember is a poorer
solution for the “Soil” endmember. All the other methods show
bad accuracy for most endmembers other than “Tree,” which is
the best-represented endmember in the Urban scene.
Interestingly, the only method to consistently estimate the
“Metal” endmember well is the Endnet method. This method
uses a highly customized hidden layer in the encoder, where
the standard dot product used to calculate the layer’s activations
from its weight matrix and inputs is replaced with a custom
and more “spectrally discriminating” dot product based on the
SAD similarity measure. For some reason, the DAEN method
sometimes took too long to extract six endmembers for this
dataset, so it had to be omitted.
b) Houston dataset: The extracted endmembers by all methods for the Houston dataset are shown in Fig. 16, and the SAD
scores for individual endmembers along with the average SAD

1358

IEEE JOURNAL OF SELECTED TOPICS IN APPLIED EARTH OBSERVATIONS AND REMOTE SENSING, VOL. 15, 2022

Fig. 12. Bar plot showing the average SAD for the four synthetic datasets. The spectral variability increases with increasing sampling radius. The six rightmost
methods all use the MSE objective function. The black vertical lines show the standard deviation. All experiments consisted of 25 runs.

TABLE II
MEAN SAD FROM REFERENCE ENDMEMBERS IN RADIANS ALONG WITH THE STANDARD DEVIATION FOR ALL METHODS FOR THE
URBAN DATASET WITH FOUR REFERENCE ENDMEMBERS

The number of runs is 25. Best results are in red and the second best in blue.

TABLE III
MEAN SAD FROM REFERENCE ENDMEMBERS IN RADIANS ALONG WITH THE STANDARD DEVIATION FOR ALL METHODS FOR THE
URBAN DATASET WITH FIVE REFERENCE ENDMEMBERS

The number of runs is 25. Best results are in red and the second best in blue.
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Fig. 13. Plots of all extracted endmembers by all methods (blue curves) and the reference endmembers (red) for the Urban dataset with four reference endmembers.
The number of runs is 25.
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Fig. 14. Plots of all extracted endmembers by all methods (blue curves) and the reference endmembers (red) for the Urban dataset with five reference endmembers.
The number of runs is 25.
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Fig. 15. Plots of all extracted endmembers by all methods (blue curves) and the reference endmembers (red) for the Urban dataset with six reference endmembers.
The number of runs is 25.
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Fig. 16. Plots of all extracted endmembers by all methods (blue curves) and the reference endmembers (red) for the Houston dataset with four reference
endmembers. The number of runs is 25.
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TABLE IV
MEAN SAD FROM REFERENCE ENDMEMBERS IN RADIANS ALONG WITH THE STANDARD DEVIATION FOR ALL METHODS (EXCEPT DAEN) FOR THE
URBAN DATASET WITH SIX REFERENCE ENDMEMBERS

The number of runs is 25. Best results are in red and the second best in blue.

TABLE V
SAD FROM REFERENCE ENDMEMBERS IN RADIANS ALONG WITH THE STANDARD DEVIATION FOR ALL METHODS FOR THE
HOUSTON DATASET WITH FOUR REFERENCE ENDMEMBERS

The number of runs is 25. Best results are in red and the second best in blue.

are tabulated in Table V. The three best-performing methods for
this dataset are CNNAEU, OSPAEU, and Endnet. Endnet has
excellent consistency, but its solution for the “running_track”
endmember is different from the reference. CNNAEU also has
good accuracy, with only one run out of 25 coming up with
a different solution for the “running_track” endmember, and
it also achieves the lowest average SAD score. OSPAEU has
some difficulty with the “running_track” endmember and oscillates between two solutions, one of them being the reference
endmember. The OSPAEU method achieves the second-lowest
mSAD score for the dataset.
MTAEU also has trouble with the “running_track” endmember, showing similar behavior as OSPAEU. The DAEU and
SIDAEU methods have a reasonably good consistency. mDAE
does better on this dataset than it did on Urban but is still unstable. The methods SNSA, uDAS, and DAEN all have trouble with
the parking_lot2 endmember, which is highly correlated with
the parking_lot1 endmember. In addition, only uDAS is extracting the “running_track” endmember similar to the reference.
NLAEU has some trouble with the parking_lot endmembers,
and the accuracy is not good with these endmembers. Its solution
for the “running_track” endmember has a good consistency, but
it is not the reference endmember.

Overall, the methods are doing better on the average on this
dataset than on the Urban dataset. The difference in performance
between methods that use scale-invariant fidelity terms and those
that do not is less than for the Urban dataset, indicating that the
Houston dataset has less spectral variability concerning scaling
of spectra. The common ambiguity in the solutions for the
“running_track” endmember is probably because it is the most
under-represented endmember.
c) Apex dataset: The Apex dataset is the final dataset for
the evaluation of blind unmixing performance. Fig. 17 shows
all extracted endmembers for all the methods, while Table VI
tabulates the average SAD scores for individual endmembers
along with the mSAD score. This dataset has very distinct and
easily identifiable endmembers. The water endmember in this
dataset can be challenging because the water spectra have a tiny
scale compared to the other endmembers. Methods using scalesensitive similarity measures such as MSE can have difficulties
with extracting such endmembers. A scale-sensitive objective
function can be lowered more by extracting a variant of a wellrepresented endmember instead of the tiny scale endmember.
An endmember having a tiny scale can also manifest as a poorly
learned endmember having irregularities and generally being
badly formed.
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Fig. 17. Plots of all extracted endmembers by all methods (blue curves) and the reference endmembers (red) for the Apex dataset with four reference endmembers.
The number of runs is 25.
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TABLE VI
SAD FROM REFERENCE ENDMEMBERS IN RADIANS ALONG WITH THE STANDARD DEVIATION FOR ALL METHODS FOR THE
APEX DATASET WITH FOUR REFERENCE ENDMEMBERS

The number of runs is 25. Best results are in red and the second best in blue.

TABLE VII
RMSE BETWEEN GENERATED ABUNDANCE MAPS AND REFERENCE MAPS FOR THE URBAN DATASET WITH FOUR REFERENCE ENDMEMBERS

The number of runs is 25. Best results are in red and the second best in blue.

In Fig. 17, we see that all methods utilizing SAD as the
similarity measure in the loss function have no trouble extracting
the “Water” endmember, and it is close to the reference. The
water spectra in the dataset have minimal spectral variability,
which explains the excellent match. CNNAEU has good accuracy and consistency for this dataset. OSPAEU, which uses a
scale-sensitive fidelity term, the hyper-Laplacian loss, manages
to extract the “Water” endmember very well. The loss is a p-norm
of the difference between input and reconstruction raised to the
power p and having p = 0.7, which can explain why the lower
scale of the endmember is not as problematic as it is for the MSE
loss.
The Endnet method fails consistently to extract the “Water”
endmember and extracts some vegetation endmember instead.
This can be explained by the MSE term in the loss of this
method. Despite this, the method has a good consistency. The
MTAEU and DAEU methods fail to consistently extract the
reference form of the “Roof” endmember and extract some
vegetation endmember instead. It is hard to attribute this to some
implementation details without doing some experimentation.
However, the methods that have bad accuracy for the “Roof”
endmember all have deep encoders, i.e., MTAEU, DAEU, and
OSPAEU. NLAEU, SNSA, uDAS, and DAEN all have trouble
with the “Road” and the “Water” endmember.

d) Average mSAD versus scale invariance: Fig. 19 shows the
average mSAD for all real datasets of method groups, where
their loss function is scale invariant or non-scale invariant. The
SAD and SID similarity measure are scale invariant. All methods
using the MSE and the hyper-Laplacian loss function belong
to the last group of scale-sensitive methods. The graph clearly
shows that having a non-scale-invariant loss function leads to
substantially lower performance than if a scale-invariant loss
had been used.
2) Abundance Maps: The quality of generated abundance
maps by blind unmixing methods depends on the quality of the
extracted endmembers. The discussion of abundance maps will
be limited to the Urban dataset. Fig. 18 shows the generated
abundance maps by all methods for the best mSAD score.
Table VII tabulates the RMSE scores for individual endmembers
and the average of all maps.
The method that achieves the lowest RMSE score is the
MTAEU method. CNNAEU, despite having a lower mSAD
score, does not achieve a good RMSE score. Fig. 18 shows that
the abundance maps for CNNAEU are intense and sparse. This is
a consequence of using the softmax function to enforce the ASC
and using a sizeable spatial filter for the decoder convolutional
layer. This causes high values of the feature maps entering the
softmax function, which then acts like 1 -sparsity regularization.
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Fig. 18.
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Abundance maps for the run with the best mSAD score for all methods for the Urban dataset. The reference abundance maps are in the top row.
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Fig. 19. Box plot of the average mSAD of methods grouped by whether their
loss function is scale invariant, semi-invariant, or not at all.

The OSPAEU method also produces intense and binarylooking abundance maps. This results likely from the orthogonality prior of the abundance maps. The Endnet method achieves
the second-lowest RMSE score and produces good abundance
maps. This method employs forced sparsity by applying a
“top_k” function to the abundances, selecting the k highest
abundances and setting all the others to zero. A value of k = 2
was used in the experiments.
F. Robustness to Noise
A blind unmixing experiment was performed using the Samson dataset to investigate the methods’ robustness to noise.
The dataset was corrupted with noise to obtain four versions
having signal-to-noise ratio (SNR) of 10, 20, 30, and 40 dB.
Fig. 20 shows a bar chart of the mSAD score of all the
methods for the Samson dataset for the four different SNR
levels and the original uncorrupted dataset. Fig. 20 shows
that most methods are relatively robust to noise. MTAEU
and OSPAEU seem largely unaffected by the noise for this
dataset. Endnet shows good performance and low variance for
all SNR levels but is relatively largely affected by SNR =
10 dB.
Paradoxically, SNSA and DAEN perform best at SNR =
10 dB. NLAEU is heavily affected by noise, and SIDAEU does
not handle SNR = 10 dB well. CNNAEU performs best under
moderate noise (SNR = 30) corruption and also has a low
variance for this SNR. The NMF method performs best at SNR =
20 and 30 dB. We are not able to explain why some methods
perform better at the highest noise level than with moderate
noise.
Endnet has the best performance and the best consistency on
the original dataset, and MTAEU has the second-best performance. CNNAEU comes third. Interestingly, the NMF method
performs worse on the original dataset than on the datasets
having SNR = 20 and 30 dB.
Two synthetic datasets from the spectral variability experiment, having no and moderate spectral variability, were used for
robustness experiments. They were corrupted with noise also
such that each image has SNR of 20, 30, and 40 dB. This is
useful because it decouples the effects of spectral variability
and noise. The results are shown in Fig. 21(a) for no spectral
variability and in Fig. 21(b) when there is moderate spectral
variability.
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In Fig. 21(a), we see that the MSE-based methods perform
best, with the exception of NMF-1/2 and mDAE. The methods
SNSA, uDAS, and DAEN perform overall best. This is not very
surprising as the HSI does not have any spectral variability, and
all the methods, except NMF-1/2 , are designed to deal with
noisy data. Comparing these methods to NMF-1/2 confirms
this.
CNNAEU and MTAEU that use SAD loss are the bestperforming methods. Somewhat surprisingly, the method Endnet
is the worst-performing method. This is very different from the
Samson experiment where it was the best-performing method.
The SAD-based methods are practically unaffected by the different noise levels with the exception of the Endnet and SIDAEU
methods.
From Fig. 21(b), we can see a different situation with the
addition of some spectral variability. The MSE-based methods
perform worse compared to SAD-based methods, as expected.
It is interesting to see that the NMF-1/2 method performs better
for SNR = 30 and 40 dB than the other MSE methods and some
SAD methods. Again, Endnet performs relatively poorly on this
dataset.
The NAE-VCA performs best overall of the MSE methods. In
addition, the addition of spectral variability increases the variance of the uDAS method substantially. CNNAEU also shows
increased variance for two noise levels, while SIDAEU shows
decreased variance. It can be seen by comparing the figures that
the SAD-based methods, especially MTAEU, CNNAEU, and
OSPAEU, show good robustness against both spectral variability
and noise. It is puzzling that both NAE-VCA and mDAE perform
best at the highest SNR.
This experiment indicates that using the SAD loss for unmixing autoencoders can provide good robustness to both spectral
variability and noise, although they are not designed for that.
The consistency of CNNAEU and MTAEU regarding noise and
spectral variability demonstrates this.
G. Computation Cost
It is challenging to meaningfully compare the running time
of different methods since it depends on hyperparameters such
as batch size, the number of training data samples, and implementation details such as what programming language and DL
framework are being used. In addition, CNN methods run on
a GPU, while dense neural network methods run on a CPU if
implemented using Tensorflow or MATLAB. Table VIII shows
running times in seconds for a single run for the methods for
three different datasets. The main conclusion that can be drawn
from Table VIII is that methods implemented in the Python
programming language using the Tensorflow or Pytorch DL
frameworks are significantly faster than the methods implemented in MATLAB. The experiments were performed on a
computer with an eight-core CPU and 64 GB of memory and a
GPU with 11 GB of memory.
VII. CONCLUSION
This article critically compares numerous blind autoencoderbased unmixing methods and gives an overview of the architectures and implementation details utilized up until now. Eleven
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Fig. 20. Bar plot of the mSAD score for all methods for the Samson dataset with four different levels of SNR and the original uncorrupted dataset. The black
vertical lines show the standard deviation. All experiments consisted of 25 runs.

Fig. 21. Bar plot of the mSAD score for all methods for the synthetic datasets having (a) no spectral variability and (b) moderate spectral variability (r = 0.2)
and with three different levels of SNR (20, 30, and 40 dB). (a) Synthetic dataset having no spectral variability with three different levels of SNR. (b) Synthetic
dataset having moderate spectral variability with three different levels of SNR.
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TABLE VIII
COMPUTATION TIME IN SECONDS FOR A SINGLE RUN FOR THE METHODS FOR THREE DATASETS

The values for the Urban image are for estimating four endmembers.

different autoencoder methods were compared by performing
blind unmixing on four different real hyperspectral datasets
and four synthetic datasets with a varying degree of spectral
variability.
It is generally tough to interpret the results of experiments
in terms of concrete implementation details of neural network
methods when they differ in so many ways. Because of this, comprehensive ablation experiments with a simple spectral unmixing autoencoder were carried out. These ablation experiments
provide further experimental evidence for many of the details
discussed in this article.
Why do autoencoders work well for spectral unmixing compared to traditional methods? What exactly is it that makes
them perform so well? A linear nonnegative autoencoder using
the MSE loss function essentially performs NMF and should
perform similarly to traditional NMF methods in unmixing.
However, autoencoders can use any loss functions that allow for
backpropagation. The option to use scale-invariant loss functions gives autoencoders increased flexibility over traditional
methods for linear unmixing. In addition, the encoder and the
decoder can be arbitrarily nonlinear, which can further improve
performance.
Because of inherent spectral variability in real HSIs and the
inability of the LMM to model it, the scale-invariance of the loss
function used by the methods matters extensively. The results of
the experiments with real datasets confirm this. The results of
ablation experiments where a simple autoencoder was compared
to the NMF-1/2 method and experiments with the synthetic
datasets with varying spectral variability further strengthen this
conclusion.
Scale-sensitive fidelity terms should be avoided if the method
performs unmixing according to the LMM model. Unless the
architecture of the method is designed to handle spectral variability, such as the method in [77], a scale-invariant loss or as close
to it as possible should be chosen. Even if spectral variability is
handled by the method, another problem remains if a strongly
scale-sensitive similarity measure such as MSE is used. It is
the difficulty with extracting endmembers that have a tiny scale
compared to all the other endmembers in a scene, such as the
water endmember in the Apex dataset.
The ablation experiments show that an LReLU activation that
allows negative activations, coupled with the softmax function to
enforce the ASC constraint, works well and is robust. In addition,
the batch size is an important parameter for spectral unmixing
autoencoders, and it is dataset dependent. Furthermore, using
nonlinear decoders with a higher number of parameters can
benefit the quality of extracted endmembers, especially if the
images have substantial nonlinear mixing.

Another observation concerns the use of spatial information,
i.e., whether methods process a single spectrum at a time or
if they operate on a patch at a time and make use of the spatial correlations existing within real HSIs. The spectral–spatial
methods seem to benefit from the additional spatial information
by operating on whole patches of HSIs at a time. This is especially evident on the synthetic dataset. Using as much of the
available information within an HSI as possible can lead to better
unmixing performance if done correctly. Better performance can
come, e.g., in the form of better consistency.
At this moment, the greatest challenge for HU using autoencoders is creating methods that perform well and have a good
consistency for many diverse datasets. Methods can show very
strong performance on one dataset and mediocre performance
on a different dataset. Increasing the robustness of autoencoder
methods will continue to be a crucial issue going forward.
Handling endmember variability is an aspect of this.
Recently, multistream autoencoders utilizing adversarial regularizations or VAEs have become popular. VAEs allow for treating endmembers as distributions instead of having them fixed for
every pixel. Doing so enables methods to address spectral variability with scale-sensitive object functions. This is a promising
approach that abandons unmixing models such as the LMM,
which can be too restrictive and simple. Using generative models
in this way is a trend that the authors expect to continue. In
addition, borrowing concepts from image-to-image translation
such as cycle consistency and perceptual loss shows promise.
The performance of autoencoder methods adhering strictly to
restrictive and simple models such as the LMM is unlikely to see
much more improvement and more complex, e.g., multistream,
combined with adversarial or variational architectures, will be
needed for better performance and robustness in the future.
The intersection of HU and DL is currently a very vibrant
field of research. More and more autoencoder-based methods
are being published every year, utilizing the latest results from
the study of autoencoders in the context of DL.
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