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Abstract: Recently, deep learning methods, for example, convolutional neural networks (CNNs),
have achieved high performance in hyperspectral image (HSI) classification. The limited training
samples of HSI images make it hard to use deep learning methods with many layers and a large
number of convolutional kernels as in large scale imagery tasks, and CNN-based methods usually
need long training time. In this paper, we present a wide sliding window and subsampling network
(WSWS Net) for HSI classification. It is based on layers of transform kernels with sliding windows
and subsampling (WSWS). It can be extended in the wide direction to learn both spatial and spectral
features more efficiently. The learned features are subsampled to reduce computational loads and
to reduce memorization. Thus, layers of WSWS can learn higher level spatial and spectral features
efficiently, and the proposed network can be trained easily by only computing linear weights with
least squares. The experimental results show that the WSWS Net achieves excellent performance with
different hyperspectral remotes sensing datasets compared with other shallow and deep learning
methods. The effects of ratio of training samples, the sizes of image patches, and the visualization of
features in WSWS layers are presented.

Keywords: hyperspectral image classification (HSI); convolutional neural network (CNN); wide
sliding window and subsampling (WSWS)

1. Introduction

Hyperspectral images (HSI) include hundreds of continuous spectral bands, which
gives them abundant information to classify different ground objects. These images, to-
gether with the classification methods, are used in many applications including agriculture
monitoring, change detection of land cover, urban mapping, forest protection, and object
detection. One difficulty for HSI classification involves homogeneous ground objects hav-
ing different spectral features due to different illumination, atmospheric environment, etc.
during imaging process. Another difficulty is that although a large number of spectral
bands provide a large amount of data, the training data are usually very limited and the
image scene is complicated because of mixed pixels.

In the past decades, researchers used different machine learning methods for HSI
classification including k-nearest neighbors (KNN) [1], support vector machine (SVM) [2],
multilayer perceptron (MLP) [3], random forest (RF) [4], radial basis function network
(RBF) [3], etc. These methods are mainly in the spectral domain.
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Recently, many works utilizing both spectral and spatial features have been pro-
posed to obtain higher HSI classification performance including the morphological profiles
(MPs) [5], Markov random fields (MRFs) [6], SVM-MRF [2], sparsity-based method [7]
using spatial and contextual features, and generalized composite kernel machine [8], which
tries to balance spectral and spatial information without introducing weights and parame-
ters. These methods usually combine both the spectral and spatial information from the
neighborhood area of the given pixel.

With deep learning, many methods based on convolutional neural network (CNN)
have been proposed to learn features automatically in both spacial and spectral do-
mains [9–15]. This is a great advantage compared with the aforementioned methods
which use manually extracted features from only the spatial domain or both the spatial and
spectral domains. Zhang et al. [16] gave a full description of how to use deep learning meth-
ods with different types of inputs and applications. A contextual deep CNN was proposed
by Lee et al. [9], which can optimally find local contextual interactions by exploiting local
spatio-spectral relationships of neighboring pixels. Mei et al. [10] proposed a CNN with
five layers combining advances of batch normalization, dropout, and parametric rectified
linear unit (PReLU) activation function. Gao et al. [11] proposed a CNN with various
features extracted from the input images. Wang et al. [12] proposed an end-to-end fast
dense spectral–spatial convolution (FDSSC) method, which uses different convolutional
kernels to extract both spectral and spatial features. Paoletti et al. [13] proposed a 3-D
CNN that uses both spectral and spatial information. A diverse region-based CNN was
proposed by Zhang et al. [14], which encodes semantic context-aware representation to
obtain more valuable features. Chen et al. [15] proposed a method to extract hierarchical
deep spatial features from CNN. Other deep architectures have also been explored for hy-
perspectral image classification. Mou et al. [17] presented a deep recurrent neural network
to do hyperspectral image classification. Spectral-spatial attention networks based on RNN
and CNN were proposed by Mei et al. [18], which can learn spectral correlations within a
continuous spectrum and spatial relevance within neighboring pixels.

CNN was combined with other recently emerged methods to solve the HSI classi-
fication problem. The hybrid spectral CNN (HybridSN) [19] and mixed CNN [20] are
spectral–spatial 3-D CNNs followed by spatial 2-D CNNs. Gong [21] proposed multiscale
convolution (MS-CNNs) with diversified metric to obtain discriminative features. CNN
was also combined with active learning [22,23] to obtain good classification performance
with few training labels. Feng et al. [24] combined attentional mechanism, adaptive region
search, and multibranch CNN to learn features more flexibly. Chen et al. [25] designed
automatic CNN to find deep learning architecture automatically for HSI classification.
Hong et al. [26] proposed invariant attribute profiles (IAPs) to extract the spatial invariant
features. Wang et al. [27] combined adaptive dropBlock-Enhanced and generative adver-
sarial networks (GAN) for HSI classification. A deep fully convolutional network (FCN)
with an efficient nonlocal module (ENL-FCN) was proposed by Shen et al. [28] for HSI
classification. A content-guided CNN (CGCNN) proposed by Liu et al. [29] adjusts the
kernel shape adaptively according to the spatial distribution of land covers. Tang et al. [30]
proposed a 3-D octave convolution with the spatial–spectral attention network (3DOC-
SSAN) to capture discriminative spatial–spectral features. Masarczyk et al. [31] proposed
a strategy of transfer learning that uses unsupervised pretraining step and combined it
with CNN.

Although the deep learning methods have made great improvements in various areas,
they usually need a long training time because of the large number of parameters. Another
problem is that CNN achieves greater performance as the depth increases. However, the
training samples of HSI images are usually limited in number, and small patches are used
for HSI classification to extract spatial features. Therefore, it is not possible to use CNN
with many layers and a large number of convolutional kernels. Different learning models
have been proposed to gain better performance. Okwuashi et al. [32] proposed a deep
support vector machine (DSVM) for hyperspectral image classification. Cao et al. [33]
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proposed a cascaded dual-scale crossover network, which extracts more features without
making the network deeper. Recently, many works on wide learning [34,35], as well as
wide and deep learning architectures [36], have been proposed. Here, width means the
number of hidden neurons or channels in the fully connected or convolutional layers. The
wide fully connected neural networks are equivalent to a Gaussian process. Therefore,
training and learning can be characterized simply by evaluating the Gaussian process, and
it is found that the wide neural network generalizes better [34,35]. Other than Gaussian
kernels, Daniel et al. [37] proposed harmonic networks, which use circular harmonics
instead of CNN kernels. Liu et al. [38] extended it, and proposed naive Gabor networks to
reduce the number of parameters involved in HSI classification. Different hyperspectral
classification methods have been summarized in Table 1.

Table 1. Hyperspectral classification methods.

Types and Descriptions Related Works

Machine learning, spectral features KNN [1], SVM [2], MLP [3], RBF [3], RF [4]

Machine learning and other
methods without using deep
learning, spectral, and
spatial features

MPs (Fauvel et al.) [5], IAPs (Hong et al.) [26],
MRFs (Li et al.) [6], SVM-MRF (Tarabalka) [2],
sparsity-based method (Chen et al.) [7],
generalized composite kernel machine (Li et al.) [8]

Deep learning, spectral, and
spatial features

contextual CNN (Lee et al.) [9], Mei et al. [10],
Gao et al. [11], FDSSC (Wang et al.) [12],
3-D CNN (Paoletti et al.) [13],
diverse region-based CNN (Zhang et al.) [14],
Chen et al. [15], Zhang et al. [16],
deep RNN (Mou et al.) [17], Mei et al. [18]

Deep learning combined with
emerging methods, spectral, and
spatial features

HybridSN (Roy et al.) [19], mixed CNN (Zheng et al.) [20],
CNN with active learning: (Haut et al.) [22],
and (Cao et al.) [23], attentional model (Feng et al.) [24],
MS-CNNs (Gong et al.) [21],
automatic CNN (Chen et al.) [25],
dropBlock GAN (Wang et al.) [27],
ENL-FCN (Shen et al.) [28], CGCNN (Liu et al.) [29],
3DOC-SSAN (Tang et al.) [30],
transfer learning (Masarczyk et al.) [31]

Learning models with different
novel architectures, spectral, and
spatial features

DSVM (Okwuashi et al.) [32],
cascaded dual-scale crossover network (Cao et al.) [33],
naive Gabor networks(Liu et al.) [38]

In this paper, we propose a wide sliding window and subsampling network (WSWS
Net) for hyperspectral image classification. It is based on transform kernels with sliding
windows, which can be extended in the wide direction to learn both spatial and spectral
features sufficiently. Sorting and subsampling operations are introduced to reduce the
number of outputs of transform kernels. The above process is denoted as the WSWS layer.
Then, succeeding WSWS layers are added in the same way, and multiple WSWS layers can
be combined in cascade to learn higher level spatial and spectral features with a larger field
of view. Finally, a fully connected layer with linear weights is combined with the WSWS
layers to predict the pixel class. The proposed WSWS Net has the following features:

1. Extracting a higher level of spatial and spectral features by the multiple layers of
transform kernels efficiently, and the parameters of these transform kernels can be
learned using unsupervised learning or obtained directly by randomly choosing them
from training samples.

2. Adjusting features easily by adjusting the width and the field of view of WSWS layers
according to the size of training data.

3. Training the WSWS Net easily, because the weights are mostly in the fully connected
layer, which can be computed with least squares.
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The rest of the paper is organized as follows. Section 2 presents the proposed WSWS
Net. Section 3 discusses the used datasets and the experimental settings. Section 4 provides
the HSI classification results with the proposed WSWS Net. In Sections 5 and 6, discussions
and conclusions are given.

2. Wide Sliding Window and Subsampling Network (WSWS Net)

In this section, the proposed WSWS Net is described in detail, including how to
generate patch vectors from HSI as inputs to the WSWS Net; how to construct the wide
transform kernel layers using sliding window, sorting, subsampling; and how to go deeper
with a fully connection layer. Finally, we explain how to adjust the width of the transform
kernel layers, and how to obtain different higher level spacial and spectral features by
adjusting the field of view in the transform kernel layers. The architecture of the WSWS
Net is shown in Figure 1.

Figure 1. Architecture of the wide sliding window and subsampling (WSWS) network for hyperspcetral image classification.

2.1. Generating Patch Vectors for WSWS Net from HSI Data

The original HSI data are denoted as X ∈ RW×H×B, where W × H is the width and
height of the HSI, and B is the number of hyperspectral bands, which is usually as large as
several hundred with a very large number of redundant spectral information. Therefore,
principal component analysis (PCA) is often performed to reduce the number of bands to
BPCA. After that, normalization is performed for each chosen reduced band, which is as
shown below.

Xnorm(k) =
X(k)−min(X(k))

max(X(k))−min(X(k))
, 1 ≤ k ≤ BPCA (1)

Suppose there are C classes of land objects, and the generated 3-dimensional patches
have the size with SW × SH × BPCA (odd window size in both width and height directions).
Before generating patches, zero padding is performed on the whole image Xnorm with
padding sizes (SW − 1)

/
2 and (SW − 1)

/
2 in width and height directions, respectively.

The HSI image after zero padding is denoted as Xnorm_pad. The independent pixels are
called instances. A given proportion of instances for each class whose numbers are denoted
as Nc (1 ≤ c ≤ C), and 3D patches are generated for pixels of each class automatically
from Xnorm_pad according to the required numbers of training, validation, and test processes.
These patches are flattened as vectors in cascade along spectral bands, and denoted as Xtr,
Xval , and Xtest, respectively. The length of these patch vectors is M = SW × SH × BPCA.
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2.2. Constructing the Transform Kernel Layer by Wide Sliding Window and Subsampling

The CNN uses convolutional kernels to extract spatial features with multiple channels.
The local receptive field and the weight sharing are used to reduce the number of weights
of convolutional kernels. Although it is reduced a lot, the weights are learned with back
propagation (BP)-based training methods for a number of epochs, which is time-consuming.
Another problem is that for HSI classification, small patches are usually fed as input to
convolutional layers, making it difficult to use CNN with very deep architecture. Therefore,
researchers started to use different kernels to improve the performance of learning models,
such as circular harmonics [37] and Naive Gabor filters [38]. In the proposed WSWS Net,
the transform kernels are used as extractors, and the sliding window is used to make it
much wider to represent learning features. Then, the more important extracted features
are obtained with sorting and subsampling processes as the important property of WSWS
layers is that the parameters of these kernels can be learned by unsupervised such as k-
means or EM algorithm, or they can be obtained by randomly choosing them from training
instances. The constructing process of the wide sliding window and subsampling (WSWS)
layers is shown in Figure 2.

For HSI classification, the size of the 1 dimensional sliding window is chosen as m
and the number of instances is denoted as Np. The sliding direction is from top to bottom.
For the nth (1 ≤ n ≤ N = (M−m + 1)) sliding time, the input vector pn ∈ Rm×Np from
X is fed into a set of Gaussian kernels denoted as {gn1, gn2, · · · , gnMn}, where Mn denotes
the number of Gaussian kernels for nth sliding time. The outputs of the Gaussian kernels
from the nth sliding are denoted by

Gn =
[

gn1(pn), gn2(pn), . . . , gnMn(pn)
]

(2)

where gni(pn)(1 ≤ i ≤ Mn) is a column vector with Np components (number of patch vectors).
During sliding, the Gaussian kernels are extended in the wide direction, where the

width refers to the number of hidden units in the WSWS layer. Finally, for the input
pWSWS = [p1, p2, · · · , pN ], a wide sliding window layer is constructed with N sets of
Gaussian kernels denoted as

GWSWS =
[

G1, G2, . . . , GN
]

(3)

After extending it in the wide direction to obtain sufficient number of features, the out-
puts are sorted and subsampled to reduce the number of outputs. The sorting is performed
in each set of Gaussian kernels. All the instances of each Gaussian kernel are summed and
sorted from maximum to minimum, which is expressed as

IWSWS = [I1, I2, · · · , IN ] =
[
sort

(
∑Np

j=1 G1

)
, sort

(
∑Np

j=1 G2

)
, · · · , sort

(
∑Np

j=1 GN

)]
(4)

The outputs of each set of Gaussian kernels in GWS are sorted according to the sorting
indices, given by

G′WSWS =
[
G′1, G′2, · · · , G′N

]
= [G1(I1), G2(I2), · · · , GN(IN)] (5)

Then, they are subsampled by a given subsampling interval NSn. The numbers of
outputs after subsampling are given by

NWSWS = [NO1, NO2, · · · , NON ] =

[
M1

NS1
,

M2

NS2
, · · · ,

MN
NSN

]
(6)

The final outputs after subsampling outputs are denoted by

GS
WSWS =

[
GS

1 , GS
2 , · · · , GS

N

]
(7)
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where,
GS

n = subsampling
(
G′n, NOn

)
, 1 ≤ n ≤ N (8)

Figure 2. Constructing the wide sliding window and subsampling (WSWS) Layer by wide sliding
window and subsampling.

2.3. Going Deeper with a Fully Connected Layer

In order to learn higher level spatial and spectral features, the WSWS Net is extended
deeper with more WSWS layers. The input of the second layer is denoted as

p(2)
WSWS =

[
p(2)

1 , p(2)
2 , · · · , p(2)

N(2)

]
= G(1)S

WSWS =
[
G(1)S

1 , G(1)S
2 , · · ·G(1)S

N(1)

]
(9)

where G(1)S
WSWS = GS

WSWS is the sampled outputs of the first WSWS layer. The size of
the sliding window of the second layer is m(2). The Gaussian kernels for the n(2)th
(1 ≤ n(2) ≤ N(2) =

(
M(2) −m(2) + 1

)
) sliding time in the second layer are set as

{g(2)n1 , g(2)n2 , · · · , g(2)
nM(2)

n
}, and M(2)

n denotes the number of Gaussian kernels for n(2)th sliding

time.
The N(2) sets of Gaussian kernels are denoted as

G(2)
WSWS =

[
G(2)

1 , G(2)
2 , . . . , G(2)

N(2)

]
(10)

The final outputs after sampled are denoted by

G(2)S
WSWS =

[
G(2)S

1 , G(2)S
2 , · · · , G(2)S

N(2)

]
(11)
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Similarly, the succeeding layers can be added according to the data amount and task
complexity. For HSI hyperspectral classification, if four Gaussian layers are constructed,
the outputs of the 3th and 4th WSWS layers are given by

G(3)S
WSWS =

[
G(3)S

1 , G(3)S
2 , · · · , G(3)S

N(3)

]
(12)

G(4)S
WSWS =

[
G(4)S

1 , G(4)S
2 , · · · , G(4)S

N(4)

]
(13)

The outputs of the 4th WSWS layer are combined together using a fully connected
layer with linear weights

W =
[

W1, W2, . . . , WC
]

(14)

where C is the number of classes. The weights are computed using least squares (LS) by

Ŵ = arg min
W

∥∥∥G(4)S
WSWSW−D

∥∥∥2
(15)

where D ∈ RN×C is the labeled outputs, and the outputs of the WSWS Net are given by

Y = G(4)S
WSWSŴ = G(4)S

WSWS

(
G(4)S+

WSWSD
)
= G(4)S

WSWS

((
G(4)S

WSWS

)T
G(4)S

WSWS

)−1(
G(4)S

WSWS

)T
D (16)

2.4. Extracting Different Level of Spatial and Spectral Features Stably and Effectively

In the proposed WSWS Net, the weights of the fully connected layers are learned
using the least squares method, which is very convenient and easy. The validation set is
used to evaluate the performance with given hyperparameters for the WSWS Net. In order
to extract the features of different levels stably and effectively without overfitting, these
hyperparameters are searched initially from a set of small numbers, and then increased step
by step and layer by layer. The main hyperparameters for the WSWS Net are the sliding
window size, numbers of transform kernels, and subsampling in each WSWS layer. The
learning of spatial and spectral features using multiple WSWS layers is shown in Figure 3.

Figure 3. Learning spatial and spectral features using multiple WSWS layers.
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3. Datasets and Experimental Settings
3.1. Dataset Description

Three typical hyperspectral remote sensing datasets including Pavia University (PU,
Pavia, Italy), the Kennedy Space Center (KSC, Merritt Island, FL, USA), and Salinas
hyperspectral images were used to test the performance of the WSWS Net. The datasets
are as in Table 2, and described in detail below

(1) Pavia University: The Pavia University scenes were acquired by the ROSIS sensor
over Pavia. It has a dimension of 610× 610 (after discarding the pixels without information,
the dimension is 610× 340). There are 9 classes in the image ground truth.

(2) KSC: The KSC dataset was acquired over the Kennedy Space Center in Florida. It
has 176 bands after removing water absorption and low SNR bands from 224 bands. The
image size of each band is 512× 614, and there are 13 classes for classification.

(3) Salinas: It was gathered in Salinas valley, California, including 204 bands after
abandoning bands of water absorption. Its dimension is 512× 217 pixels, and the class
number is 16.

Table 2. Description of hyperspectral remote sensing datasets.

NO.
Pavia University KSC Salinas

Class Name NO. Class Name NO. Class Name NO.

1 Asphalt 6631 Scrub 347 Brocoli-green-weeds-1 2009
2 Meadows 18,649 Willow swamp 243 Brocoli-green-weeds-2 3726
3 Gravel 2099 CP hammock 256 Fallow 1976
4 Trees 3064 Slash pine 252 Fallow-rough-plow 1394
5 Painted metal sheets 1345 Oak/broadleaf 161 Fallow-smooth 2678
6 Bare soil 5029 Hardwood 229 Stubble 3959
7 Bitumen 1330 Swamp 105 Celery 3579
8 Self-blocking bricks 3682 Graminoid marsh 390 Grapes-untrained 11,271
9 Shadows 947 Spartina marsh 520 Soil-vinyard-develop 6203
10 Cattail marsh 404 Corn-senesced-green-weeds 3278
11 Salt marsh 419 Lettuce-romaine-4wk 1068
12 Mud flats 503 Lettuce-romaine-5wk 1927
13 Water 927 Lettuce-romaine-6wk 916
14 Lettuce-romaine-7wk 1070
15 Vinyard-untrained 7268
16 Vinyard-vertica-trellis 1807

Total 42,776 5211 54,129

3.2. Experimental Setup

The experiments were implemented using a Dell Work Station with Intel-i7-8700K
CPU @ 3.7GHz, 32G memory. Principal component analysis (PCA) was used to reduce the
number of redundant spectral bands to 15. For the proposed WSWS Net, the patch size of
9× 9 was used for Pavia Universiy, 11× 11 for KSC, and 13× 13 for Salinas datasets, which
were determined in the section of discussions. The pixel at the center of the patches was
taken as an independent instance for training, validation, and testing. The proportions of
instances for training and validation were 0.2, and the remaining instances were reserved
for the testing process. The overall accuracy (OA), average accuracy (AA), and Kappa
coefficient were used to evaluate the performance. OA and AA are defined as

OA =
Ncorrect

Ntotal
(17)

AA =
1
C

C

∑
i=1

Ncorrect_i
Ntotal_i

(18)
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where Ncorrect and Ntotal are the correctly classified and the total number of testing samples,
respectively. Ncorrect_i and Ntotal_i are the numbers of correctly classified and testing samples
for class i, respectively.

The proposed WSWS Net can learn spatial and spectral features hierarchically by
multiple WSWS layers. The key hyperparameters, including the sliding window size,
numbers of transform kernels, and subsampling in each WSWS layer, are fine-tuned
(increased) from the first layer to succeeding layers. The initial settings of each WSWS layer
are the same. The initial sliding window size was 0.9 of the length of the input vectors,
and the initial numbers of transform kernels and subsampling were 6 and 3, respectively.
Then, the validation set was used to find the proper parameters. The number of training
samples and the size of patches are also important for the classification performance of
hyperspectral remote sensing images, as discussed in Section 4.

The proposed method was compared with other methods including multilayer percep-
tron (MLP), stacked autoencoder (SAE), radial basis function (RBF), CNN, RBF ensemble,
and CNN ensemble. The hyperparameters of these models were fine-tuned using the
validation set.

4. Experimental Results
4.1. Classification Results for Pavia University

In this experiment, the proposed WSWS Net included four WSWS layers. The window
sizes, numbers of transform kernels, and subsampling layer were 13, 40, and 20 for the
first WSWS layer, respectively; 0.8 of the length of input vector, 16, and 8 for the second
WSWS layer, respectively; 0.9 of the length of input vector, 6, and 3 for the third WSWS
layer, respectively; and 0.9 of the length of input vector, 6, and 3 for the fourth WSWS
layer, respectively. The compared method MLP had 1000 hidden units. The RBF had
2000 Gaussian kernels with the centers of the Gaussian kernels randomly chosen from
the training samples. The SAE had 400 hidden units for encoder, and 50 hidden units for
decoder. The architecture of the CNN included 6 convolutional kernels, a pooling layer
with scale 2, 12 convolutional kernels, and a pooling layer with scale 2. The RBF ensemble
included 5 RBF networks with the same architecture as the compared single RBF network.
The CNN ensemble included 5 CNNs with the same architecture as the compared single
CNN. Different sizes of input patches were selected for different methods to obtain the best
performance and fair comparisons. The size of input patches was 9× 9 for MLP and SAE,
5× 5 for RBF and RBF ensemble, and 3× 3 for CNN and CNN ensemble.

The experimental results are shown in Table 3 and Figure 4. It is observed from the
table that the proposed method had the best test performance including OA, AA, and
Kappa coefficient, which were 99.19%, 98.51%, and 98.93%, respectively. It is seen that more
balanced classification results were achieved in each class for the proposed WSWS Net.
The MLP, RBF, and CNN have good performances, which are higher than 93% compared
with SAE. The ensemble methods of RBFE and CNNE can help improve the classification
performances of RBF and CNN. It is observed in Figure 4 that the proposed WSWS Net
had a much smoother prediction result in the areas without label information. This can
be seen, for example, in the regions with brown color (bare soil) compared with CNNE
and RBFE methods, especially in related images. The testing time was also compared with
these methods, and it is seen that the proposed WSWS Net achieved 6.4s, which is faster
than RBFE and CNNE. Although MLP, RBF, SAE, and CNN were faster, the classification
performances are lower than that of the proposed WSWS Net. The proposed method was
also compared with a recently proposed [39] method, which uses spectral blocks to convert
the high-dimensional data into small subsets to accelerate the computing resources. It is
seen that the WSWS has greater OA and Kappa than SMSB. The testing time of SMSB is
61 s, which is slower than WSWS Net, but the experimental platform is not the same.
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Table 3. Classification results of different methods for Pavia University.

Class NO. Class Name MLP RBF SAE CNN RBFE CNNE SMSB [39] WSWS

1 Asphalt 97.13 97.65 97.43 96.18 98.99 95.22 99.11 99.10
2 Meadows 98.43 99.53 98.60 96.69 99.86 99.03 98.97 100.00
3 Gravel 85.15 80.62 0.00 80.86 81.43 82.92 98.89 93.01
4 Trees 95.05 93.84 91.35 87.21 95.43 87.00 98.74 98.37
5 Painted metal sheets 99.88 91.58 99.75 99.63 99.88 99.75 100 99.88
6 Bare soil 96.35 87.06 76.30 88.30 81.67 80.88 99.87 99.97
7 Bitumen 90.85 90.30 0.00 82.58 84.46 90.73 99.79 99.00
8 Self-blocking bricks 93.21 92.43 85.84 94.12 92.85 93.44 98.99 98.33
9 Shadows 99.30 94.84 95.61 99.30 97.72 99.47 98.04 98.95

OA (%) 96.47 95.18 86.23 93.66 95.23 93.95 99.11 99.19
AA (%) 95.04 91.98 71.64 91.65 92.41 92.05 99.16 98.51

Kappa (%) 95.36 93.66 82.03 91.72 93.72 92.05 98.79 98.93
Test Time (s) 1.3 1.5 0.2 3.7 8.6 22.2 61.0 6.4

Figure 4. Classification results of Pavia University data. (a) Original image, (b) ground truth (there are no class labels for
the black background), (c) multilayer perceptron (MLP), (d) radial basis function (RBF), (e) stacked autoencoder (SAE),
(f) convolutional neural network (CNN), (g) RBE ensemble, (h) CNN ensemble, and (i) WSWS.

4.2. Classification Results for KSC

In this experiment, the WSWS Net included four WSWS layers, and the window sizes,
numbers of transform kernels, and subsampling layer were 77, 10, and 5 for the first WSWS
layer, respectively; 0.9 of the length of input vector, 10, and 5 for the second WSWS layer;
0.9 of the length of input vector, 8, 4 for the third WSWS layer; and 0.9 of the length of input
vector, 6, and 3 for the fourth WSWS layer, respectively. The compared method MLP had
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1000 hidden units. The RBF had 1000 Gaussian kernels, and the centers of the Gaussian
kernels were randomly chosen from the training samples. The SAE had 300 hidden units
for encoder, and 50 hidden units for decoder, respectively. The architectures of the CNN
and CNN ensemble were the same as for Pavia University. The RBF ensemble included 5
RBF networks with the same architecture as the compared single RBF network. Different
sizes of input patches were selected for different methods to present the best performance
and fair comparisons. The size of input patches for MLP, SAE, RBF, RBF ensemble, CNN,
and CNN ensemble was the same as for Pavia University.

It is observed from Table 4 that the WSWS had the best OA, AA, and Kappa coef-
ficient with the test set, which were 99.87%, 99.71%, and 99.86%, respectively. Eight of
13 performances of single classes reached the accuracy 100%. The performances for each
class had more balanced accuracy than other compared methods. The typical result was
that, although MLP had OA, AA, and Kappa coefficient as high as 97.95%, 96.60%, and
97.72%, respectively, the lowest accuracy of class no.4 was only 79.61, compared to the
highest accuracies of class no. 7, 8, 9, and 13, which were 100%. MLP, RBF, and CNN can
achieve test OAs higher than 95%. The ensemble methods of RBFE and CNNE have higher
test performances than those of RBF and CNN, respectively. Other than classes no. 3 and
no. 5, the proposed WSWS Net has the best test performance on other single classes. It is
seen from Figure 5 that the proposed WSWS Net had a much smoother prediction result
compared with other methods. For example, this can be seen in the regions with yellow
color representing hardwood compared with MLP, CNN, and CNNE methods in related
images. It is also seen in the regions with pink color (slash pine) compared with RBF, and
RBFE methods in corresponding images. The testing time was also shown in the table, and
it is observed that the WSWS Net consumes 1.9 s, which is faster than RBFE and CNNE.
Although other methods were faster, the classification performances are not as good as the
WSWS Net.

Table 4. Classification results of different methods for KSC.

Class NO. Class Name MLP RBF SAE CNN RBFE CNNE WSWS

1 Scrub 99.78 98.47 98.69 97.37 96.94 97.81 100.00
2 Willow swamp 99.31 88.28 71.03 94.48 92.41 94.48 100.00
3 CP hammock 92.86 96.75 93.51 95.45 96.10 98.70 99.35
4 Slash pine 79.61 64.47 34.21 76.97 71.71 70.39 100.00
5 Oak/broadleaf 87.63 90.72 0.00 72.16 92.78 69.07 96.91
6 Hardwood 99.27 88.32 2.19 83.21 83.21 86.13 100.00
7 Swamp 100.00 96.83 12.70 100.00 95.24 90.48 100.00
8 Graminoid marsh 100.00 98.07 83.01 96.53 94.98 99.61 100.00
9 Spartina marsh 100.00 100.00 99.36 100.00 100.00 100.00 100.00
10 Cattail marsh 99.59 99.59 100.00 100.00 97.93 100.00 100.00
11 Salt marsh 98.41 90.84 97.61 100.00 95.62 100.00 100.00
12 Mud flats 99.34 98.01 92.68 96.01 98.67 98.34 100.00
13 Water 100.00 100.00 100.00 100.00 100.00 100.00 100.00

OA (%) 97.95 95.36 83.72 95.75 95.52 95.97 99.87
AA (%) 96.60 93.10 68.31 93.25 93.51 92.69 99.71

Kappa (%) 97.72 94.85 82.03 95.28 95.03 95.52 99.86
Test Time (s) 0.6 0.1 0.1 0.9 2.2 5.9 1.9
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Figure 5. Classification results of KSC data. (a) Original image, (b) ground truth (there are no class labels for the black
background), (c) MLP, (d) RBF, (e) SAE, (f) CNN, (g) RBE ensemble, (h) CNN ensemble, and (i) WSWS.

4.3. Classification Results for Salinas

The proposed WSWS Net included four WSWS layers in this experiment. The window
sizes, numbers of transform kernels, and subsampling layer were 33, 20, and 10 for the first
WSWS layer; 0.9 of the length of input vector, 20, and 10 for the second and third WSWS
layers; 0.9 of the length of input vector, 6, and 3 for the third WSWS layer; and 0.7 of the
length of input vector, 20, and 10 for the fourth WSWS layer, respectively. The compared
method MLP included 2000 hidden units. The RBF had 2000 Gaussian kernels, and the
centers of the Gaussian kernels were randomly chosen from the training samples. The SAE
had 200 hidden units for encoder, and 50 hidden units for decoder. The architecture of
the CNN and CNN ensemble were the same as for Pavia University and KSC. The RBF
ensemble was composed of five RBF networks with the same architecture as the compared
single RBF network. The size of input patches was 9× 9 for MLP and SAE, 5× 5 for RBF
and RBF ensemble, and 3× 3 for CNN and CNN ensemble, respectively.

The experimental results are shown in Table 5 and Figure 6. It is observed that
the proposed method had the best classification results in terms of OA, AA, and Kappa
coefficient (99.67%, 99.63%, and 99.63%, respectively). The performances for single classes
had the most balanced accuracy among all the methods, which were in the range from
97.73% to 100.00%. The RBF, SAE, and CNN have test OAs higher than 92%. The test
performances of the RBFE and CNNE are higher than those of RBF and CNN, respectively.
The testing time was given with these methods in the table, and it is seen that the proposed
WSWS Net achieved 11.8 s, and it is faster than RBFE and CNNE. Although MLP, RBF,
SAE, and CNN were faster, the classification performance of the WSWS Net is much better
than these methods. The proposed method was also compared with the SMSB method,
and it is seen that the WSWS has better performance than SMSB. The testing time of SMSB
is slower than WSWS Net, but the experimental platform is not the same.
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Table 5. Classification results of different methods for Salinas.

Class NO. Class Name MLP RBF SAE CNN RBFE CNNE SMSB [39] WSWS

1 Bro.-gw-1 100.00 99.75 99.17 98.51 100.00 98.92 99.78 100.00
2 Bro.-gw-2 100.00 100.00 99.87 99.82 100.00 99.87 99.97 99.87
3 Fallow 99.41 99.83 92.16 99.66 99.75 99.41 99.94 98.82
4 Fal.-rough-plow 99.52 99.52 97.61 98.68 99.52 98.80 99.28 97.73
5 Fallow-smooth 97.70 97.14 98.63 99.38 97.14 99.75 99.54 99.38
6 Stubble 100.00 100.00 99.92 99.96 100.00 99.92 99.97 99.96
7 Celery 0.00 100.00 99.63 99.95 100.00 99.95 99.88 99.91
8 Gra.-untrained 90.64 91.22 89.75 74.24 91.62 90.17 98.87 99.72
9 Soil-vd 100.00 100.00 99.87 100.00 100.00 100.00 99.91 99.76
10 Corn-sgw 99.08 98.98 96.19 93.44 99.08 93.13 98.85 99.64
11 Let.-r-4wk 99.53 99.69 93.75 96.72 99.69 97.19 99.79 100.00
12 Let.-r-5wk 100.00 100.00 98.96 99.74 100.00 99.91 99.94 99.91
13 Let.-r-6wk 99.64 99.27 100.00 98.91 99.64 99.82 99.03 99.82
14 Let.-r-7wk 99.84 99.69 96.42 100.00 99.53 99.69 98.86 100.00
15 Vinyard-u 85.53 79.33 77.50 88.65 79.54 75.16 97.63 99.52
16 Vinyard-v-t 99.91 100.00 99.45 98.53 99.91 98.62 99.92 100.00

OA (%) 89.27 95.14 93.86 92.42 95.26 93.97 99.26 99.67
AA (%) 91.92 97.78 96.18 96.64 97.84 96.90 99.45 99.63

Kappa (%) 88.20 94.64 93.23 91.69 94.77 93.35 99.17 99.63
Test Time (s) 4.1 4.6 0.7 4.5 25.5 46.9 51.0 11.8

 

2 

 
 

 
 

 

2 

 
 

 
 

Figure 6. Classification results of Salinas data. (a) Original image, (b) ground truth (there are no class labels for the black
background), (c) MLP, (d) RBF, (e) SAE, (f) CNN, (g) RBE ensemble, (h) CNN ensemble, and (i) WSWS.
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5. Discussion
5.1. The Effects of Different Ratio of Training Samples

As more training samples of hyperspectral remote sensing images are provided, the
test accuracy can be improved, and it will finally stop increasing or increase slowly [29,40].
Therefore, there is a trade-off between the ratio of training samples and the test performance
of hyperspectral remote sensing images. That may be because a given number of training
samples with given sizes of patches provides limited spatial and spectral information for
the learning models. Different ratios of training samples were used to test the influence to
the performance of the proposed WSWS Net. The patch sizes here of the WSWS Net are
7× 7 for Pavia University data, and 9× 9 for KSC and Salinas datasets. Other settings are
the same as the experiment in Section 4.

The results are shown in Table 6 and Figure 7. It is observed from the table that as the
training samples increased, the test performances were also increased. For Pavia University,
the test performance increased until the train ratio reached 0.2, then it decreased and
fluctuated. For KSC data, the test performance increased until the training ratio reached
0.3. This is mainly because this dataset is rather small; therefore, the WSWS Net can learn
the data more easily without overfitting. For Salinas data, the trend is similar to that of the
Pavia University, and the test performance dropped when the ratio was higher than 0.25.

Table 6. Test accuracies of different partition of training Samples on Pavia Center, Pavia University, and KSC datasets.

Ratio of Training Samples
Pavia Univ./(%) KSC/(%) Salinas (%)

OA AA Kappa OA AA Kappa OA AA Kappa

0.05 96.33 94.21 95.16 91.94 88.23 91.08 97.19 98.20 96.89
0.1 98.38 97.34 97.86 96.38 94.24 95.98 98.62 98.97 98.47

0.15 98.84 98.07 98.46 99.21 98.39 99.12 99.19 99.23 99.10
0.2 99.11 98.44 98.82 99.52 99.24 99.47 99.44 99.57 99.38

0.25 98.92 97.94 98.56 99.65 99.37 99.62 99.48 99.64 99.42
0.3 98.96 98.17 98.62 99.79 99.57 99.77 99.37 99.47 99.30

5.2. The Effects of Different Neighborhood Sizes

The different neighborhood sizes or patch sizes of the hyperspectral remote sens-
ing images have an important influence on the classification performance of learning
models [11,30]. Therefore, it is also discussed here for the proposed WSWS Net. The
number of spectral bands after PCA was still reduced to 15. The WSWS Net settings are
the same as the experiment in Section 4.

Figure 7. Test performance with different ratio of training samples on different hyperspectral datasets. (a) Pavia University.
(b) KSC. (c) Salinas.

The results are shown in Table 7. As the size of path size increased, the performance
was improved. It is observed from the table that neither too small nor too big patch
size is best for Pavia University and KSC hyperspectral image classification. For Pavia



Remote Sens. 2021, 13, 1290 15 of 19

University and KSC datasets, the best test performance was obtained with the patch size
9× 9 and 11× 11, respectively. Then, the performances decreased. For Salinas data, the
test performance continued increasing until the patch size reached 13× 13. The AA grew
with a little fluctuation as the size of patches increased for Salinas dataset.

Table 7. Test accuracies with different neighborhood sizes of Pavia Center, Pavia University, and
KSC datasets.

Neighborhood Sizes
Pavia Univ./(%) KSC/(%) Salinas/ (%)

OA AA Kappa OA AA Kappa OA AA Kappa

3× 3 95.13 92.41 93.61 80.46 69.71 78.53 92.83 96.66 92.12
5× 5 98.22 96.87 97.65 95.87 93.14 95.42 93.07 96.55 92.37
7× 7 99.11 98.44 98.82 98.31 97.00 98.11 98.67 99.15 98.52
9× 9 99.19 98.51 98.93 99.52 99.24 99.47 99.44 99.57 99.38

11× 11 99.17 98.63 98.91 99.87 99.71 99.86 99.56 99.53 99.51
13× 13 97.45 96.36 96.64 99.26 99.12 99.18 99.67 99.63 99.63

5.3. Visualization of Different Layers of Extracted features

The extracted features from WSWS layers are visualized in this section. These features
from the first and fourth layers are obtained with two steps: (1) The subsampled output
vectors of the WSWS layers are reorganized for the related input elements. (2) These
reorganized data are summed together, and the vector of corresponding input vector is
generated, which can be seen as the extracted features from the current WSWS layer.

For Pavia University and Salinas data, the extracted features from the above two
layers of 30 training samples were stacked together, and for KSC data, these features of all
training samples were stacked because this dataset is smaller. The visualization results are
shown in Figures 8–10. Four classes are chosen and shown. For each class itself, it is seen
the stacked features in the first and fourth layers are very similar for the corresponding
layer, and for different classes, it is seen that the extracted features are very different. This
demonstrates that the WSWS layers can extract features effectively, and how the proposed
WSWS Net can classify hyperspectral images effectively.

Figure 8. Visualization of the selected extracted features from the first and fourth WSWS layers of the Pavia University
dataset. (a–d) The stacked results of extracted features of class 3, 5, 6, and 7 in the first WSWS layers from 30 training samples.
(e–h) The stacked results of extracted features of class 3, 5, 6, and 7 in the fourth WSWS layers from 30 training samples.
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Figure 9. Visualization of the selected extracted features from the first and fourth WSWS layers of the KSC dataset. (a–d) The
stacked results of extracted features of class 1, 7, 10, and 13 in the first WSWS layers from all the training samples. (e–h) The
stacked results of extracted features of class 1, 7, 10, and 13 in the fourth WSWS layers from all the training samples.

Figure 10. Visualization of the selected extracted features from the first and fourth WSWS layers of the Salinas dataset. (a–d)
The stacked results of extracted features of class 1, 6, 13, and 16 in the first WSWS layers from 30 training samples. (e–h) The
stacked results of extracted features of class 1, 6, 13, and 16 in the fourth WSWS layers from 30 training samples.

6. Conclusions

Hyperspectral remote sensing images provide abundant information both in spatial
and spectral domains. It is usually very expensive to acquire a large number of hyperspec-
tral images, and it is hard to use them effectively for land cover classification with such a
large number of bands. CNN-based methods have been extended to HSI classification and
achieved excellent performance. The limited training samples of HSI with small patches
makes it difficult to utilize the advantages of deep learning models, and the deep learning
models with a large number of weights usually need a long training time. We propose a
WSWS Net for HSI classification, which is composed of layers of transform kernels with
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sliding windows and subsampling (WSWS). First, it is extended in the wide direction to
learn both the spatial and spectral features sufficiently using transform kernels and wide
sliding windows. The parameters of these kernels can be learned easily by unsupervised
method or choosing them randomly from training samples. Then, the learned features
are subsampled to reduce computational loads and avoid overfitting. Second, the layers
of WSWS are organized in a cascade to learn higher level spatial and spectral features
efficiently. Finally, the proposed WSWS Net is trained fast by only learning linear weights
with least squares method.

The proposed method was tested with Pavia University, KSC, and Salinas hyperspec-
tral remote sensing datasets. It is seen from the experimental results that the proposed
WSWS Net achieves excellent performance compared with both shallow and deep learning
methods. The influence of neighborhood size and ratio of training samples on the test
performance was also discussed, and it is observed that neighborhood sizes such as 9× 9
and a ratio of 0.2 for training samples can give good enough performance for WSWS Net.
The extracted features of different WSWS layers were also visualized to show that the
WSWS Net can extract different features in different classes for classification effectively.
In future work, the scalability of the proposed method will be explored mainly with the
iterative method or ensemble method to learn hyperspectral images with a large number
of pixels efficiently. One of the important problems is to deal with hyperspectral images
containing a large number of mixed pixels by extracting endmembers and abundances in
these pixels. We will also combine the hyperspectral unmixing methods together with the
proposed classification method to evaluate classification performance more precisely in
future work.
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The following abbreviations are used in this manuscript:

HSI Hyperspectral Image
CNN Convolutional neural network
WSWS Wide sliding window and subsampling
KNN K-nearest neighbors
SVM Support vector machine
MLP Multilayer perceptron
RF Random forest
RBF Radial basis function network
SAE Stacked auto encoder
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PCA principal component analysis
OA Overall Accuracy
AA Average Accuracy
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