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Abstract—Deep learning-based informative band selection
methods on hyperspectral images (HSIs) have recently gained
intense attention to eliminate spectral correlation and redun-
dancies. However, existing deep learning-based methods either
need additional postprocessing strategies to select the descriptive
bands or optimize the model indirectly due to the parameteriza-
tion inability of discrete variables for the selection procedure.
To overcome these limitations, this work proposes a novel
end-to-end network for informative band selection. The pro-
posed network, named Dropout concrete autoencoder (CAE),
is inspired by advances in the CAE and Dropout feature ranking
(Dropout FR) strategy. Unlike traditional deep learning-based
methods; the Dropout CAE is trained directly given the required
band subset, eliminating the need for further postprocessing.
The experimental results in four HSI scenes show that the
Dropout CAE achieves substantial and effective performance
levels that outperform competing methods. The code is available
at https://github.com/LeiXuAl/Hyperspectral

Index Terms— Autoencoders, deep-learning.

I. INTRODUCTION

YPERSPECTRAL images (HSIs) captured by

hyperspectral remote sensing imaging spectrometers [1]
cover a wide and continuous range of the electromagnetic
spectrum with multiple spectral bands. Due to this
characteristic, HSIs contain enormous information utilizing
its various applications, such as in precision agriculture [2],
mineral detection [3], and landscape classification [4].
However, massive spectral bands of HSIs imply information
redundancy, which leads to the “Hughes phenomenon” [5],
computational complexity, and higher storage capacity [6].
Considering the difficulty in selecting prominent wavelengths
before capture [6], it is indispensable to develop band
selection algorithms for subsequent tasks with HSIs.

Various band selection methods have been proposed to deal
with the band redundancy problem, such as ranking-based
methods [7], clustering-based methods [8], [9], and searching-
based methods [6]. Ranking-based methods are unsupervised
approaches that explore specific criteria to rank frequency
bands based on the distinctive information of each band.
Clustering-based methods [8], [9], [10] usually try to group
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relevant bands in selected subsets by computing similarity
matrices. These search-based methods use specific search
strategies to find the optimal subset with the most informative
bands [10].

Deep learning-based methods have been extensively
explored to address the band redundancy problem, as shown
in [11], [12], and [13]. In [12], an unsupervised end-to-end
network was proposed for band selection with a dual-attention
mechanism. Feng et al. [S] proposed another end-to-end unsu-
pervised convolutional neural network that combines band
selection, feature extraction, and classification. Moreover,
studies in [S5], [11], [13], and [14] have proposed various
autoencoder (AE) models for the band selection task, where
after HSI reconstruction with the selected bands, a classifier,
such as support vector machine (SVM) or KNN, is used
for classification, and the final evaluation is performed on
the classification results. Cai et al. [11] proposed an end-
to-end AE-based framework, BS network, based on fully
connected networks (BS-Net-FC) and convolutional networks
(BS-Net-Conv) with an attention mechanism. The BS network
explores a band attention module to explicitly model nonlin-
ear interdependencies between the spectral bands [11] with
learned weights. Finally, a reconstruction network restores the
original spectral bands with the selected number of reweighted
bands. Ahishali et al. [13] proposed another AE-based band
selection model, self-representation learning with sparse 1-D-
operational autoencoder (SRL-SOA). The SRL-SOA model
consists of a single 1-D-operational layer encoder with gener-
ative neurons for mapping and a self-representation pixelwise
decoder for reconstruction.

Concrete AE (CAE) is an unsupervised embedded feature
selection method. The CAE inspired by the concrete distri-
bution [15], [16] aims to learn an informative subset and
reconstruct the input data from this subset simultaneously. The
concrete distribution is introduced for reparameterizations of
discrete random variables as of continuous random variables
while optimizing the stochastic computation graph via gradient
descent [15]. CAE has been extended for band selections in
HSI scenes [17], [18]. For example, Sun et al. [17] proposed
a Gumbel-Softmax-based CAE and an information entropy
criterion for the selection of the optimal band subset. The
Gumbel-Softmax distribution [16] can transform a discrete
weight matrix into continuous variables for the optimiza-
tion of selected subsets during the backpropagation of local
optimal solutions. Finally, the information entropy criterion
searches for a global optimal band subset. In [18], a novel
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stochastic gate was proposed as a differential layer in the
AE-based architecture for a parameterization process based
on a Gaussian-based relaxation of Bernoulli variables. The
stochastic gate is learnable for an optimal band subset selection
without postprocessing for a global optimal result.

Although the methods mentioned above have achieved
impressive performance, common limitations still exist in these
works. For instance, the nonlinear relation of bands lacks
investigation [13] due to the linear convolutional operations
as in [5] and [17]. In addition, the required band subset is
not optimized directly by the model but is optimized using an
approximation of learned weights ranking [11] or band entropy
ranking [12]. Moreover, computational complexity increases
dramatically as the input scale is larger [11]. In this work, our
motivation comes from the concrete relaxation [15] and the
Dropout feature ranking (Dropout FR) strategy [19] for HSI
band selection tasks. In summary, the main contributions of
this work are as follows.

1) Unlike existing methods [11], [12], [13], the proposed
method can select informative HSI bands without any
postprocessing step.

2) The architecture of the proposed method is compact
and computationally efficient. This is a pioneer study
integrating the Dropout strategy with CAEs in an end-
to-end fashion for HSI band selection.

3) The proposed approach can exploit existing nonlin-
ear dependencies within spectral bands, thanks to the
concrete selector.

4) The model is optimized and converges directly to a fixed
optimal subset revealing the most descriptive spectral
bands. Therefore, the proposed approach is fundamen-
tally different from the competing deep neural network
(DNN)-based methods [11], [13], [17].

The remainder of this work is organized as follows. First,
Section II provides the presentation of the proposed Dropout
CAE. The datasets, the details of the implementation, and
the experimental results are given in Section III. Finally,
we conclude this work in Section IV.

II. PROPOSED METHOD

In this section, we first present the objective of HSI band
selection tasks, the principles of concrete distribution, the
Dropout FR, and the Dropout CAE in detail. Next, the
pseudo-code of the proposed method is provided at the end
of this section.

A. Band Selection on HSI Using Dropout CAE

The band selection task aims to abandon redundant bands
and select an optimal band subset to represent the original
HSI. To achieve the target, the Dropout CAE consists of a
concrete selector and a fully connected decoder with two
layers. The concrete selector takes a 2-D HSI matrix x € RV*4
as input, where N is the number of pixels and d is the number
of spectral bands. Then, it samples d-dimensional binary
concrete random variables m € R?*! m € {0, 1}?> using the
Gumbel-Softmax distribution [15] and the Dropout FR strategy
[19], [20]. The output of the concrete selector is calculated by
x © m, which merely retains k <« d number of spectral bands
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as input to the decoder. The output of the decoder fy(-) is
% € R¥*4 reconstructed HSI matrix.
The Dropout CAE loss function is defined as

N N d
1 A
L©) = —Nglogpmfe(xi om)) + NZ;;’"U (1)
where m; ~ go(m), go(m) is a variational mask distribution
defined as go(m) = T19_,q(m,|6;) = T9_,Bern(m;|6;), the
Dropout rate of feature j is denoted as 6;, and A is the
regularization hyperparameter.

B. Concrete Distribution

The concrete random variables are defined as a continuous
relaxation of discrete random variables [15], [16], which are
introduced to address the parameterization inability of discrete
random variables during loss propagation by gradient descent.
The construction of concrete random variables is motivated
by the Gumbel-Max trick [21] sampling from a discrete
distribution with argmax. The discrete distribution [15] is
represented as one-hot vectors d € {0, 1}" and ) ;_, dy = 1.
The Gumbel-Max trick cannot be directly used for gradient
descent because the argmax is a nondifferentiable operation.
The softmax function is then introduced to replace the argmax
for a continuous relaxation of a one-hot vector.

The Gumbel-Softmax distribution as a novel concrete distri-
bution has a closed-form density on the simplex defined with
location parameters o € (0, 00)" and a temperature parameter
7 € (0,00) [15]. X ~ Concrete(a, T) depicts that X has the
concrete distribution. Then, each element X, is sampled as

exp((log ay + Gy)/7)
Yo exp((loge; + Gi)/7)
where Gy ~ Gumbel independent identically distributed
(i.i.d.). Such computation achieves a random probability vector
summing to 1. As the temperature parameter T — 0, X; is
smoothly annealed to the computation of the discrete argmax,
which means that the Gumbel-Softmax distribution can obtain
near one-hot samples with a proper temperature t setting
schedule [16].

The encoder part of the CAE architecture consists of a
concrete selector layer based on the concrete distribution.
Consequently, the selector layer samples a concrete random
variable using a temperature parameter T € (0, 00) and
parameters «; € (0,00) for continuous relaxation of a
one-hot vector [15], [20].

X =

2

C. Dropout Feature Ranking

Bernoulli distribution is a special case of the Gumbel-Max
trick with two states of the discrete random variable on
{0, 1}>. When the Gumbel-Softmax trick is implemented on
the Bernoulli distribution for a binary concrete random vari-
able, the sampled element X € (0, 1) [15] is depicted as

1
X =
1 4+ exp(—(oga + L)/1)
where L ~ Logistic. When the temperature parameter t

follows a proper schedule approach to 0, the output is X =1
with the probability of «/(1 + «).

3)
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Fig. 1. Architecture of the proposed Dropout CAE.

Variational Dropout as a regularization technique is initially
proposed to solve the overfitting problem in deep learning
models [22]. The Bernoulli distribution is utilized in the
variation Dropout strategy as a Dropout mask in deep learn-
ing models. The Dropout mask vector m can stochastically
determine whether the hidden node in a layer is retained or
dropped [19] using a learnable Dropout rate that indicates the
importance of the feature, i.e., a lower Dropout rate means a
more representative feature.

D. Dropout CAE

The general architecture of the Dropout CAE is shown
in Fig. 1. The network consists of a concrete selector and
a decoder. The concrete selector aims to identify & number
of most informative spectral bands using a learned mask
m € R! m e {0, 1}%. The decoder part comprises two fully
connected layers that perform unsupervised reconstruction
based on the chosen bands.

The reconstruction performed by the decoder is formulated
as

where ¥ € RV*4_ The loss function can be further defined as

1 N d A N d
LO) = =3 DD wyloglE) + 53D my (3)

i=1 j=1 i=1 j=1

where X;; is reconstructed HSI pixel. The first term is cross-
entropy loss, and the second one is for regularization. The
loss makes the concrete selector learn the importance of band
features using Dropout rates and makes the network converge
to an optimal band subset (Algorithm 1).

III. EXPERIMENTAL EVALUATION

In this section, we first describe the datasets used in the
experiments and provide implementation details, followed by
comparative evaluations.

A. Datasets

In this work, we have evaluated the proposed network using
four HSI scenes: Indian Pines (IP) [23], PaviaU (PU) [24],
Salinas (SA) [25], and KSC [26]. IP scene [23] is cap-
tured by the AVIRIS sensor with 145 x 145 pixels and
224 spectral bands. The number of bands for the experiment
is 200 after removing bands that cover the water absorption
regions. The number of pixels for training from this scene
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Algorithm 1 Pseudo-Code of Dropout CAE

Input: 2D HSI matrix x € RV*?, the desired band
number k, the temperature parameter t, learnable
Dropout rate 6, regularization A\, number of
epochs C.
Output: Indices of the selected kK number of bands.
1 Pre-process the dataset for training;
Initialize 0, t;
force{l,...,C} do
Get the index of the k lowest learning rate 6 using
the concrete selector layer for a binary mask m,;
5 Reconstruct the input HSI with the selected k spectral
bands as X using the decoder as Eq. (4);
6 Compute the updated model weights using ADAM
optimizer and the loss function Eq. (5);
Adjust the temperature parameter T with a schedule;

a W N

8 end
Return: decoder fy(-) and binary concrete parameters

is 10249. PU scene [24] is captured by the ROSIS sensor with
610 x 610 pixels and 103 spectral bands. It has a resolution
of 1.3 m and nine classes with 42776 training pixels. SA [25]
is captured by AVIRIS sensors with 512 lines by 217 samples.
This scene contains 16 classes, and 204 bands are used for this
work. There are 54 129 pixels available for training. KSC scene
[26] (KSC) is captured by the AVIRIS sensor with 224 bands
and 5211 pixels for training. The mean imbalance ratios [27]
of these scenes are 21.67, 8.35, 5.37, and 3.25 for IP, PU, SA,
and KSC, respectively.

The original HSI scenes contain two spatial dimensions and
one spectral dimension, denoted as X, € R">wxd Then, each
original HSI scene is transformed into a 2-D HSI matrix x €
RN*4 for training. N is the number of pixels for training,
and d is the number of spectral bands. The pixel values of
x € RV*4 are normalized to the range [0, 1].

B. Implementation

1) Settings: The Dropout CAE is implemented with
PyTorch [28] on a Nvidia GPU cluster platform. The number
of hidden neurons in the decoder part is 128. The hyperparam-
eters for training the model are set as follows: the optimizer
is ADAM, the learning rate is 0.001, and B; = 0.9 and
B> = 0.999. We adopt the multistep learning rate strategy
in PyTorch [28], by which two milestones, 15 and 30, are
set with y = 0.1. The A = 0.005 in (5). The corresponding
hyperparameters of the competing methods are set to the
default values.

In the experiments, the same samples annotated for the
classification are used to train the Dropout CAE model.
Then, the SVM [11], [29] classifier is used for performance
evaluation with the selected band subset. We randomly select
10% annotated samples from each data scene to train the SVM
classifier and 90% samples to test. We run the classification
process ten times on each data scene independently for a more
fair and robust comparison.
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TABLE I
OVERALL COMPARISON OF THE COMPETING AND THE DROPOUT CAE BAND SELECTION METHODS

Dataset Indian Pines (25 bands) Salinas (20 bands) PaviaU (15 bands) KSC (15 bands)
OA AA Kappa  avgEn OA AA Kappa  avgEn OA AA Kappa  avgEn OA AA Kappa  avgEn
SRL-SOA Q=1 0.8070  0.7662  0.7793  4.8855 | 0.9280 0.9640 0.9197 4.4130 | 09106 0.8838 0.8807 4.2748 | 0.8664 0.8032 0.8511  4.3004
SRL-SOA Q=3 0.7779  0.7433  0.7448  4.8817 | 0.9281 0.9627 0.9198 4.5929 | 09190 0.8912 0.8920 4.3106 | 0.8674 0.8059 0.8521 4.2147
SRL-SOA Q=5 0.7972  0.7617 0.7678  4.8948 | 0.9258 0.9602 0.9173 4.7771 | 09181 0.8897 0.8908 4.3972 | 0.8878 0.8308 0.8750  4.3760
SpaBS 0.6298  0.5400 0.5688 4.6911 | 0.9032 0.9359 0.8919 4.6811 | 0.8526 0.8126 0.7998 4.1821 | 0.8391 0.7642 0.8205 4.5898
EGCSR 0.8072 07737  0.7795 4.7736 | 09215 0.9592 0.9125 4.5756 | 0.8624 0.8345 0.8143  4.3927 | 0.8803 0.8175 0.8666 4.2133
ISSC 0.8123  0.7643  0.7853  4.8107 | 0.9304 0.9661 0.9224 4.6025 | 09149 0.8891 0.8865 4.3532 | 0.8920 0.8373  0.8797 4.4991
BS-Net-FC 0.6945  0.7439  0.7080 4.6850 | 0.9551 09174 0.9080 4.7332 | 0.8761 0.9066 0.8760  4.4205 | 0.8045 0.8765 0.8620 4.0017
BS-Net-Conv 0.5670  0.6427  0.5920 4.6304 | 0.9559 0.9178 0.9080 4.5674 | 0.8881 0.9106 0.8810 4.5012 | 0.7723 0.8473 0.8300 4.5522
Dropout CAE (T1) | 0.7701  0.7786  0.7480 4.8532 | 0.9611 0.9252 09166 4.4185 | 0.8949 0.9215 0.8955 4.4260 | 0.8003 0.8701 0.8553 4.4188
Dropout CAE (T) | 0.7600  0.7827  0.7527 4.7781 | 0.9614 0.9271 09187 4.7421 | 0.8991 0.9226 0.8970 4.4378 | 0.8100 0.8753 0.8610 4.1324
Dropout CAE (T3) | 0.7146  0.7629  0.7300 4.7346 | 0.9570 0.9170 0.9074 4.5262 | 0.8865 0.9115 0.8820 4.4155 | 0.7628 0.8381 0.8196  4.0208
All Bands 0.7965 0.7244  0.7670  4.7480 | 09342  0.9663 0.9266 4.4791 | 09438 0.9234 0.9252 43590 | 0.9127 0.8677 0.9027 4.1031

2) Evaluation Metrics: We adopt three quantitative metrics: TABLE II

overall accuracy (OA), average accuracy (AA), and the kappa
coefficient (Kappa) [11], [13] for the classification perfor-
mance of the reconstructed HSI. In addition, the average
entropy (avgEn) is calculated based on the avgEn of all bands
or chosen bands, which is used to evaluate the effectiveness of
the chosen bands. Except for Dropout CAE, BS-Net-FC, and
BS-Net-Conv, the final evaluation results from other methods
are averaged from the ten runs.

3) Annealing Schedule: The Dropout CAE model is
optimized with respect to the Dropout rate 6, which is
highly affected by the setting of the temperature parameter 7.
Regardless of whether t is high or low, the concrete selector
layer converges to a suboptimal informative band subset with
a fixed temperature. Therefore, the temperature parameter t
is set as a schedule that can gradually decay at each epoch
according to a first-order exponential decay as [20]

B/(N
T = 1o(tc/70) B/ N>

(6)

where 7 is the start temperature holding a higher value, ¢ is
the final temperature with a lower value, C is the total number
of epochs, B is the batch size, and N is the total number of
pixels for each scene. The annealing schedule begins with
the 79 and smoothly decays to t¢. In this work, we set three
different annealing schedules for parameters as an ablation
study to investigate the effect on the results. These settings are
indicated as T, T», and T3, where T} : 19 = 1, ¢ = 0.001,
C=40,and B=1;T5 : 59 = 1, 7¢ = 0.001, C = 200, and
B =256;and T3 : 1o = 1, ¢ = 0.01, C = 200, and B = 32.

C. Comparisons

We have used five different competing band selection meth-
ods for performance comparisons, including SRL-SOA [13]
with three Q values (polynomial approximation order),
SpaBS [30], EGCSR [31], ISSC [8], and BS network (BS-
Net-FC and BS-Net-Conv) [11]. In addition, three types of
annealing schedules are adapted for training under the same
conditions to validate the effect of the temperature parameter t
with the Dropout CAE model. We selected 25 bands in the IP
scene, 20 bands in the SA scene, 15 bands in the PU scene,
and 15 bands in the KSC scene with all methods. The top
two results are highlighted in bold on each data scene. The
overall quantitative results of the four data scenes are listed

COMPUTATIONAL COMPLEXITY OF METHODS OVER IP SCENE

Model FLOPs Params Run-time (ms)
SRL-SOA (Q=1) 612 800 2.27e-03
SRL-SOA (Q=3) 1.84K 2400 2.29¢-03
SRL-SOA (Q=5) 3.06K 4000 2.38e-03

BS-Net-FC 8.25G 154.42K 0.63¢-03
BS-Net-Conv 3756.71G  591.58K 1.68e-03
Dropout CAE 0.61G 29.33K 0.62¢-03

in Table I. Moreover, the complexity comparison of the deep
learning-based methods in the IP dataset is demonstrated in
Table II.

As shown in Table I, the Dropout CAE has achieved the
best and second-best AA on the IP scene with configurations
T, and T of 0.7827 and 0.7786, respectively. Similarly, for
the SA scene, the Dropout CAE obtained the best OA of
0.9614 and the second-best OA of 0.9611. Compared to other
methods on the PU, our proposed model has received the best
AA and the second-best AA with 7, and 7 as 0.9926 and
0.9215 separately. The best Kappa is also achieved by the
Dropout CAE (T73). For the KSC scene, the Dropout CAE
(T») has the best AA. The avgEn using Dropout CAE (7>) is
higher than that of all bands in four HSI scenes. In addition,
it is observed that our proposed method can achieve better AA
metric performance than OA on highly imbalanced scenes,
e.g., IP and PU, compared to competing methods. Table II
demonstrates the computational complexity with FLOPs, the
number of parameters, and run time (ms/sample). As shown,
the computational complexity and the number of parameters of
the proposed method are lower than those of BS-Net-FC and
BS-Net-Conv. Additionally, the run time of SpaBS, EGCSR,
and ISSC are 49.47, 8.51e7%2, and 5.32e~%2 ms, respectively.
Hence, the run time of the proposed method is the lowest.

In summary, the proposed Dropout CAE can select informa-
tive bands effectively without any postprocessing step. Unlike
other state-of-the-art (SOTA) works, the proposed method
can converge to a fixed optimal subset in the same train-
ing environment, which is beneficial for downstream tasks.
The performance of downstream classification tasks with the
selected band subsets can compete with other SOTA works
under quantitative evaluation. In addition, the computational
efficiency of the proposed method is outstanding compared
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to other deep learning-based methods. The reason is that the
computational complexity is highly dependent on the number
of required bands. Hence, this method can be a good choice
for large-scale datasets with downstream tasks.

IV. CONCLUSION

In this work, we propose a novel method named Dropout
CAE to reparameterize the discrete random variables for
HSI band selection. We first utilize the variational Dropout
strategy to exploit the importance of each frequency band
for HSI scenes. To bridge the gap between the discrete band
information and the reparameterization of the discrete random
variables, we introduce the variational Dropout strategy in
binary concrete distribution enabling the Dropout CAE model
to optimize the model weights and learnable Dropout rates
directly. An extensive set of experiments on four different
scenes shows that the proposed method outperforms the com-
peting methods in the HSI band selection task. Future works
based on the Dropout CAE will focus on an in-depth study for
an extensive set of evaluations comparing to high-performance
traditional algorithms with high interpretability.
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