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Abstract. Due to the high computational complexity of traditional convolutional
neural networks, the execution time is long and the computational cost is too high.
In this paper, we propose a deep separable convolutional neural network with
attention mechanism added to improve the classification accuracy and general-
ization ability of hyperspectral images. The network uses separable convolution
combined with residual connections to construct residual units with fewer param-
eters and adds an attention mechanism layer at the end of the network, which
helps to improve the overall performance of the model. So this model has stronger
generalization ability now, shorter computation time, and stronger network perfor-
mance. Finally, the overall accuracy of the model in this paper is 98.48%, 99.1%
and 97.40% on the Salinas dataset and the more newly proposed Wuhan Longkou
and Wuhan Hanchuan datasets, respectively. It proves that the model has better
generalization ability and can complete the calculation in a shorter time. Improv-
ing the classification accuracy of hyperspectral images like the Wuhan Longkou
dataset is important for agricultural development.

Keywords: Residual Network - Separable convolution - Convolutional neural
network - Attention mechanism - Agricultural hyperspectrum

1 Introduction

Hyperspectral images are generally images with hundreds or even more spectral bands
composed. Hyperspectral images are not only rich in spectral information, but also have
more spatial information, and only reasonable and sufficient use of these two parts can
maximize the classification accuracy of hyperspectral images. At the same time, the
computational cost should be taken into account. In conclusion, the classification of
hyperspectral images is beneficial to many industries such as environment, agriculture,
and atmosphere.

From the development of convolutional neural network (CNN), since AlexNet [1]
won the ImageNet Large Scale Visual Recognition Challenge (ILSVRC) competition in
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2012, the convolutional neural network has entered a rapid development stage. Firstly,
the AlexNet network model deepens the previous neural network depth and integrates
multiple transformation layers, which improves the classification accuracy and intro-
duces regularization in CNNs again. This improvement directly reduced the ginger error
rate from 25.8% to 16.4% compared to traditional ML techniques. Since then, CNNs
have become more and more widely used in the field of computer vision (CV), and
people have slowly started to try to improve the performance of CNNs by reducing the
computational cost while maintaining the computational accuracy. Therefore, each new
convolutional neural network will try to overcome the shortcomings of the previous
networks. In 2013 and 2014, most of the efforts of experts working in this field were
spent on the optimization of parameters, hoping to accelerate the computational speed
of CNNss with increasing computational complexity. In 2013, Zeiler and Fergus [2] cre-
ated a mechanism that is a filter that can be visualized for each layer of convolution.
The method was designed to improve feature extraction by reducing the size of the
convolutional kernel. Subsequently, a related group at Oxford University proposed the
famous VGG network [3] in 2014, which was the runner-up in the ILSVRC competition
that year. VGG reduces the perceptual field and expands the volume compared to the
classical AlexNet, where the feature map after each layer of convolution in VGG grad-
ually increases the number of channels. In the same year, GoogleNet [4], which won
the ILSVRC competition, not only reduces the computational cost by improving the
structure of the network, but also widens the channels of the feature map according to
the depth of the network structure. The real major performance improvement of CNNs
in the neural network domain is the residual network (ResNet) [5], both the very famous
residual links or jump links, proposed by Kaiming He et al. in 2015. This design made
it possible to design deep networks that greatly improved the classification accuracy of
hyperspectral images. Zhang Lei et al. proposed a privacy protection scheme for data
considering the security protection aspect of the computational process, again based on
the verification tree as well as the signature mechanism to make security protection [6,
71.

In 2016 researchers in this field have explored mainly the width of the network
with the hope of improving feature learning [8]. In addition there were no more promi-
nent architectures proposed, almost always using a mixture of already emerged network
structures and adding some newly researched mechanisms used to improve the overall
network performance. This event gives the impression that for improving the perfor-
mance of CNNs, in addition to proposing new network models, grid cells can also be
properly assembled, and this practice can also be an important factor for improving
the network performance. Therefore, Hu et al. in 2017 identified the role played by
the grid representation in the whole training process of convolutional neural networks.
They also introduced the idea of feature graph development, while pointing out that a
small amount of information and domain-independent features may affect the perfor-
mance of the network to a greater extent. Using this idea, a new network architecture
called “Squeeze and Excite Network (SE-Network) [9]” was proposed. This network is
designed to exploit the spectral information by designing a dedicated SE module that
assigns weights to each feature map according to its role in class recognition. This idea
has been further investigated by many researchers in the field who have shifted attention
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to important regions by exploiting spatial and feature map (channel) information [10].
The model in this paper also incorporates the attention mechanism. In 2018, Khan et al.
introduced a new idea of channel boosting [11]. The performance of CNN can be effec-
tively improved by learning various features, and by using the already learned features
through TL concept.

In fact, since 2012, many improvements on CNN network models have appeared
one after another. Regarding the advancement of convolutional neural networks, the
research in recent years has focused on designing new residual modules, performing
deep convolutional operations, enhancing the network performance by means of feature
maps and adding artificial channels. Zhang L, Huang Z and other researchers used the
study of hyperspectral images for weather radar echo prediction [12, 13] and achieved
better results.

Regarding the research on hyperspectral image classification, in the early days of
hyperspectral feature extraction (HSIFE), the focus of classification was on the extraction
of spectra, recognition of objects by spectra, and other spectral-based methods. The main
methods include principal component analysis (PCA), independent component analysis
(ICA), linear discriminant analysis, etc. [5, 14]. These methods mainly apply linear
transformations to extract the features of the input data, but in the natural world natural
objects and complex light scattering mechanisms, and hyperspectral data are inherently
nonlinear [15], which makes these linear-based transformations not very suitable for
analyzing hyperspectral data.

With the development of imaging technology, hyperspectral sensors are again hun-
gry for higher spatial resolution, and the spatial information we obtain is becoming
more and more detailed in hyperspectral data. In [16], a method that combines the use
of morphological operators and support vector machines (SVM) was introduced, which
unfortunately significantly improves the classification efficiency. However, traditional
image classification methods including support vector machine support vector machine
(SVM) [17], 3D wavelet transform [18], Gaussian mixing, etc. all use band selection
and feature extraction methods, which can reduce the dimensionality of hyperspectral
images, however, it destroys the overall think of the data, and the related deficiencies can
lead to unsatisfactory classification accuracy of images. Wei Huang et al. contributed
to image preprocessing using dense networks for reconstruction of hyperspectral com-
pressed images [19], and then went on to classify hyperspectral images using local binary
patterns and superpixel multicores [20].

In recent years, it is obvious that convolutional neural networks (CNNs) have an
excellent performance in the field of image classification, and researchers related to the
field of hyperspectral image classification have also used CNNs for hyperspectral image
classification. hu et al. first used convolutional neural networks for hyperspectral image
classification in [21]. In the paper he and his team used principal component analysis
(PCA) to reduce the image dimensionality, followed by using two-dimensional convolu-
tion to extract the spatial features of the input data, and then one-dimensional convolution
to extract the spectral features of each pixel, and then combining the results of both con-
volutions to obtain higher accuracy classification results [22]. It is not difficult to find
that the method can destroy the continuity of the spectrum. With the development of
convolutional neural networks, people began to extract the spatial spectral information
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of HSI more fully, and due to the small data set, in order to achieve more accurate classifi-
cation in a limited sample, related researchers proposed more godly and lighter complex
network models, among which Lee et al. proposed an Inception-based deep CNN model
(DC-CNN) [23], after Zhong et al. proposed a hyperspectral image classification by 3D
convolution operation and proposed a spatial-spectral residual network (SSRN) [24],
which can extract spatial and spectral features more completely. Later Wang et al. used
1 x 1 and 3 x 3 convolution kernels to extract spatial-spectral features of hyperspectral
images by density linking, which can also be classified effectively [25]. Paoletti et al.
[26] proposed a newer pyramidal residual network, mainly by stacking pyramidal bot-
tleneck residual units [27] to construct a residual network (pResNet), which obtained a
high classification accuracy.

However, itis important for agricultural hyperspectral classification, which can detect
the nutrient and water content of each crop at any time, monitor the rise of crops, and
further estimate the yield, so as to make corresponding countermeasures in advance and
reduce unnecessary losses.

2 Analysis of the Model

2.1 Attention Mechanism

The whole attention mechanism acts to integrate global information (including the a
priori information already obtained earlier) to extract important and useful information
for the present features to adjust the corresponding weights. In this paper, we combine
spatial attention and channel-wise attentiveness in a multilayer feature application. atten-
tiveness is essentially the training of a weight that can then be used to select a channel
or superimposed on each pixel of a feature map [28].

Spatial attention: each pixel of the current feature map is assigned a weight value
for each pixel, which is a two-dimensional matrix; Channel-wise: a weight is assigned
to each channel in terms of the feature map, so this weight is a vector.

The below figure is a diagram of one layer of SCA-CNN (see Fig. 1.), which takes
the classical encoder-decoder structure and mainly contains two parts: CNN network
(encoder) and LSTM network (decoder). The spatial attention can be understood as a
unit of each pixel of the feature map, and each pixel of the feature map is assigned a
weight value, so this weight value should be a matrix; the channel wise attention is a
unit of the feature map, and each channel is assigned a weight value. The channel wise
attention is assigned to each channel as a unit of feature map, so the weight value should
be a vector.

Principles of attentional mechanisms:

Where x € RE*N | A 1 x 1 convolution of x (the input to the previous layer) yields
f, g, h. This changes the number of channels from C to C*.

@) = Wrx, g(x) = Wex, h(x) = Wix D

These weights are called “attention maps” and essentially quantify the “importance”
of pixel j relative to pixel i in the image. Since these weights (8) are computed over the
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Fig. 1. A diagram of one layer of SCA-CNN.

entire height and width of the feature set, the receptive field is no longer limited to the
size of the small kernel.

exp(sij)
Bii=——

Zi:l exp(s;) ’

The output of the self-attentive layer is calculated as:

sij =10 g(x;) 2)

0 = V<Zfi] ﬁ,-,ioci)), V() = Wox, Wy € R4 (3)

Usually set C* = %, As a final step, the input feature x is added to the output
weighting (y is another scalar parameter that can be learned):

Yi = y0i +Xi )

2.2 Deep Separable Convolution

There are two main types of separable convolution: depth separable convolution and
spatial separable convolution.

Deeply separable convolution means that the input of N x H x W x C is divided
into C groups, Then each group does the corresponding convolution operation so that
the spatial features of each Channel are collected, Depth-wise features (see Fig. 2).

Spatially separable convolution means making k ordinary 1 x 1 x C convolutions
of the input of N x H x W x C, which is equivalent to collecting the features of each
point features, Pointwise features. Usually the W and H of the convolution kernel are 1
(see Fig. 3).

The advantage of separable convolution is mainly that it reduces the number of
parameters and thus the number of computations. The computational burden of the
model is alleviated.

The number of parameters for the regular convolution operationis: H x W x C x k;

The number of parameters of the separable convolution operation is: H x W x C +
I x1xCxk

Deeply separable convolution changes the previous ordinary convolution operation
to consider both channels and regions (convolution first considers only regions and then
channels), and achieves the separation of channels and regions.
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Fig. 2. Deeply separable convolution.

Space-separable
convolution

N filters

A A A A A
1 1 1 1 1 1
N

Fig. 3. Spatially separable convolution.

By separating the regions and channels, it is equivalent to compressing the
computational effort of ordinary convolution is:

depthwise + pointwise  H x W x Cx3x34+H xWxCxk 1 1

conv HxWxCx3x3 k 3x3
)

Depthwise: number of parameters for depth-separable convolution, pointwise: num-
ber of parameters for spatially separable convolution, conv: number of parameters for
traditional convolution methods, k: number of convolution kernels.

2.3 Residual Unit

The residual unit in this paper consists of four BN (Batch Normalization) layers, three
separable convolutions, and two ReLU activation layers (see Fig. 4).

The input hyperspectral image of 9 x 9 x 38 is normalized and then subjected to
separable convolution, which, as introduced in the previous section, reduces the number
of parameters and thus the computation time. The separable convolution can effectively
extract the spectral spatial information from the hyperspectral image, and after several
such residual modules, the spectral spatial information of each region of the hyperspectral
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Fig. 4. Residual Unit is proposed.

image can be fully obtained. The final output after several residual modules is a matrix
of shape 5 x 5 x 86. This process uses a pyramidal type of residual units.

The pyramidal residual cell is a simple structure that increases the number of channels
of the same feature map with each passing residual cell. This design approach can
reduce the number of parameters and computational cost of the network model more
significantly. Unlike the traditional pyramidal residual unit, the final ReLU layer is
not used in this paper [29], and it is noteworthy that the data need to be normalized
first when just entering the interior of the residual unit, i.e., first passing through the
BN layer [30], and when passing through all residual units completely, the output will
present a long strip-like feature map with smaller length and width and a larger number of
channels. The most important thing is to replace the conventional convolution layer for
each residual cell with a separable convolution. This can reduce the model parameters.
In short, the core part of the network model proposed in this paper is composed of
such units. The parameters do not increase significantly as the network is progressively
deepened, resulting in the construction of a lightweight residual classification model.

2.4 HSI Classification Models

A depth-separable convolutional neural network model is built as shown below. The
model first performs 1 x 1 convolutional dimensionality reduction on the HSI data cube
after data pre-processing to extract the corresponding spectral information. Then, the
output of the convolutional dimensionality reduction is put into the residual module as
input to continuously extract the spatial contextual features and spectral features of the
data cube, as shown in the figure below, each residual unit is composed of a BN layer,
a ReLU layer and a 1 x 1 separable convolutional layer, and then, it enters a 1 x 1
convolutional layer with a global average pooling (GAP) layer, and finally, it passes
through the attention mechanism module, which does not change the data structure,
but modifies the weights of the corresponding pixel points to prepare for the next data
processing, which can converge faster and complete the final classification.

In addition, taking Wuhan Hanchuan data set as an example, this paper proposes a
new network model, as shown in the figure below (see Fig. 5).

First, the processed 3D hyperspectral data with the shape of 9 x 9 x 274 (274 is the
number of data channels) is input into this network model. In C1, the channel information
of the input data is reorganized by 38 1 x lconvolutional kernels, at which point the
processed shape is 9 x 9 x 38.
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Than R1 block consisting of 3 x 3, stride = 1 convolutional kernels is used to extract
the corresponding spatial features. After the R1block, the first layer of R2isa 3 x 3
filter, stride = 2 for downsampling operation, and the second layer of kernel uses a step
size of 1 to generate a 3 x 3 x 86 feature cube with a smaller spatial size.

The final convolutional layer C2 of the model contains 16 3 x 3 kernels for com-
pressing the discriminative feature map, and the generated 5 x 5 x 16 feature map is
passed to the GAP layer and then to the Attention layer, where some of the weights
are strengthened by back propagation of the model, and then the shape of the space is
transformed into a 1 x 16 one-dimensional vector. The more detailed model flow are
shown in Table 1.
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Fig. 5. Neural network model.

3 Detailed Design

The HSI has a continuum property and the data are relatively scattered in each wave-
form. To speed up the convergence and reduce the training time of the model, the input
data cubes are first zero-averaged before being fed into the network. The standardized
computational equation is defined as:
X4, —Xx*
erl’nzm’nT(l§m§W,1§n§H,1§a§N) (6)
X denotes the pixel value of the mth row and nth column in the ath band of the
HSI, X is the mean value of all pixels in the ath band, and o is the standard deviation
of pixels in the ath band; W, H, and N denote the width, height, and total number of
channels of the input HSI, respectively.
Considering the numerous spectral bands of HSI data, the Hughes phenomenon is
easily generated [31]. That is, with hundreds of spectral bands and a small amount of
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Table 1. Model flow details.

Layer Output size Kernel size Stride Padding

Input 9 x 9 x 274

C1 9 x 9 x 38 1x1 1 0

R1 9 x9x62 3x3 1 1
9 x9x62 3x3 1 1
9x9x62 3x3 1 1

R2 5x5x86 3x3 2 1
5x5x86 3x3 1 1
5x5x86 3x3 1 1

C2 5x5x%x16 1x1 1 1

GAP I x1x16

a 1x1x16

data, this is prone to overfitting, so we use 1 x 1 convolution in the first layer of the
model, which is used to reduce the number of channels of the hyperspectral data and
does not change the spatial size. This approach not only ensures the spatial integrity of
the data, but also effectively utilizes the multispectral information of the data, which in
turn avoids the occurrence of overfitting phenomena. As shown in the above network
structure, two residual network modules (R1, R2) can fully extract the spectral spatial
information of the processed HSI data. Both modules use a 3 x 3 convolutional kernel.
The value of stride in R1 is 1 and the value of padding is also 1 to ensure that the input and
output data have the same size and the edge features of the data can be fully preserved.
In R2, the value of stride is 2 and the value of padding is 1. This is designed to further
reduce the size of the feature map and facilitate the final one-dimension visualization of
the feature map, and then the second layer of convolution uses a design with both stride
and padding of 1, which is designed to ensure that the input and output sizes are the
same. Both residual blocks are connected with a jump with zero padding [32], so that
the features of the data can be more fully utilized.

For the traditional convolution operation, to ensure that the output and input feature
maps are of the same size, the Padding method is used to expand the edges of the feature
maps, which undoubtedly increases the parameters and increases the computational cost
of the computer. And it also increases the number of channels of the output feature
map, while the pyramid residual structure used in this paper is an ordered small step to
increase the number of channels of the output feature map, and this method reduces the
number of parameters. The equations for the output channels of each residual module
are as follows:

Cii=1

7
Di |+ gsi>1 @

a:m:{
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Where D; is the number of output channels of the ith residual cell and C the initial
number of channels of the first residual cell. In this paper that is the number of output
channels after the C1 layer, R is the number of residual cells, and « is an integer greater
than zero.

After the residual block, the data enters the 1 x 1 convolution and global average
pooling layer, which uses fewer parameters than the traditional fully connected layer
and provides mitigation of the overfitting problem and accelerates the convergence of
the network [33]. Moreover, the attention mechanism is added at the end of the model,
and the role of adding the attention mechanism layer is to adjust the relevant weights
of the pixel points in the data as soon as possible to highlight the characteristics of the
crops we are concerned about, such as variety, growth, and pests, which is more likely to
meet the practical needs of our related work, and also plays the same role of accelerating
the convergence of the network model.

4 Experimental Procedure

In this paper, we use publicly available datasets from Wuhan University: the Wuhan
Longkou dataset and the Wuhan Hanchuan dataset [27, 34, 35], in addition to the inter-
national publicly available dataset Salinas. The following Table 2 is a basic introduction
to these three types of datasets.

Table 2. Three kinds of data sets are used in this paper.

Salinas WHHC WHLK
Type of Sensor AVIRIS Aibot X6 DIJI matrix 600 Pro (DJI M600 Pro)
Spatial Size 512 x 217 1217 x 303 550 x 400
Spectral Range 400-2500 nm | 400-1000 nm | 400-1000 nm
Spatial Resolution |3.7 m 0.109 m 0.463 m
Bands 204 274 270
Num. Of Classes 16 16 9

The experimental design of this paper is roughly as follows. Four experiments are set
up in this paper, which are the model in this paper, the model in this paper without adding
the attention mechanism, changing the separable convolution of the model in this paper
to the ordinary two-dimensional convolution, and the last one changing the residual
module in this paper to the classical residual module structure. The overall experimental
results are measured by three parameters, which are overall classification accuracy (OA),
average classification accuracy (AA) and Kappa coefficient (K). To ensure the accuracy
of the experimental results, each experiment is done five times, and the final average is
taken as the final experimental result.
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5 Experimental Results

413

The results of the neural network model training and testing experiments in this paper

1S:

The below figure shows, from left to right, the Salinas dataset, the Wuhan Hanchuan
dataset and the Wuhan Longkou dataset (see Fig. 6.), and the experimental results in the
model experiments of this paper are shown in the following Table 3:
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Fig. 6. Experimental results of the proposed model on Salinas dataset (a), Wuhan Hanchuan

dataset (b), Wuhan Longkou dataset (c).

The model in this paper obviously has a better classification effect for Wuhan

Longkou.
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Table 3. Experimental results of the proposed model on three data sets are presented.

Salinas WHHC WHLK
Train time (ms) 332.5548 452.1498 228.7295
Test time (ms) 12.5837 62.8690 66.1033
Test loss (%) 0.109 0.277 0.0307
Test Accuracy (%) 96.33 91.32 99.06
AA (%) 98.481220 97.399308 99.127253
OA (%) 96.332149 97.371132 99.067781
Kappa (%) 95.893613 96.921145 98.774291

5.1 Comparative Test

Without adding the attention mechanism:

200 — train acc — trainacc
—— train loss — train loss

175 — val acc 20 — valacc

— valloss

— val loss

acc/loss

NI Ty AT

05

0 50 100 150 200 250 300 350 400
epoch

(@) (b)

16 —— train acc
—— train loss
14 — valacc

— val loss

acc/loss
°
®

0 5 100 150 200 250 300 350 400
epoch

(c)

Fig. 7. Experimental results of the proposed model and delete the attention mechanism on Salinas
dataset (a), Wuhan Hanchuan dataset (b), Wuhan Longkou dataset (c).

The above figure shows, from left to right, the Salinas dataset (a), the Wuhan
Hanchuan dataset (b) and the Wuhan Longkou dataset (c) (see Fig. 7.), and their exper-
imental results in the experiments without the inclusion of the attention mechanism are
shown in the following Table 4:



Agricultural Hyperspectral Image Classification

415

Table 4. Experimental results of the proposed model and delete the attention mechanism on three

datasets are presented.

Salinas WHHC WHLK
Train time (ms) 2816.7585 1434.8909 862.5844
Test time (ms) 223.7624 159.9729 198.8493
Test loss (%) 0.206 0.277 0.061
Test Accuracy (%) 93.78 91.32 98.17
AA (%) 97.658851 88.729316 98.566262
OA (%) 93.787430 91.327016 98.179953
Kappa (%) 93.064872 89.846760 97.614027
el — et
— valloss 20 — valloss
§ R A AR A4 B VNNV W % 10
o 25 50 75 e;ggh 125 150 175 200 o 25 s0 75 e;ggh 125 150 175 200
(a) (b)
2.00 —— train acc
—— train loss
175 — val acc
—— val loss
125
000 WMWW

epoch
(©

Fig. 8. Experimental results of the proposed model but use normal two-dimensional convolution
on Salinas dataset (a), Wuhan Hanchuan dataset (b), Wuhan Longkou dataset (c)

Instead of separable convolution, a normal two-dimensional convolution is used:

The above figure shows, from left to right, the Salinas dataset (a), the Wuhan
Hanchuan dataset (b) and the Wuhan Longkou dataset (c) (see Fig. 8.), and their exper-
imental results in the experiments without the use of separable convolution are shown

in the following Table 5:
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Table 5. Experimental results of the proposed model but use normal two-dimensional convolution
on three datasets are presented.

Salinas WHHC WHLK
Train time (ms) 423.6212 471.5599 271.3779
Test time (ms) 10.2761 60.9518 52.6547
Test loss (%) 0.127 0.249 0.037
Test Accuracy (%) 95.47 93.34 99.15
AA (%) 98.253737 92.452533 98.961172
OA (%) 95.472128 93.348799 99.086524
Kappa (%) 94.934475 92.220816 98.798554

Experimental results using separable convolution, residual module using two

separable convolution layers:
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Fig. 9. The experimental result graph of each residual element of the proposed model using two
separable convolution layers is presented on Salinas dataset (a), Wuhan Hanchuan dataset (b),
‘Wuhan Longkou dataset (c)

The above figure shows, from left to right, the Salinas dataset (a), the Wuhan
Hanchuan dataset (b) and the Wuhan Longkou dataset (c) (see Fig. 9.), and their
experimental results are shown in the following Table 6:
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Table 6. The experimental result graph of each residual element of the proposed model using two
separable convolution layers is presented on three data sets are presented.

Salinas WHHC WHLK
Train time (ms) 225.1533 255.6815 150.1188
Test time (ms) 9.2854 61.8522 39.6964
Test loss (%) 0.129 0.375 0.034
Test Accuracy (%) 96.11 91.62 98.95
AA (%) 98.485236 93.688709 99.192328
OA (%) 96.108308 93.916565 99.051504
Kappa (%) 95.645520 92.886840 98.753314

Through the above experimental comparisons, it is easy to conclude that the proposed
deep separable convolutional neural network with added attention mechanism in this
paper reduces the model parameters and shortens the training time while ensuring high
classification accuracy for hyperspectral datasets.

6 Conclusion

In this paper, a new deeply separable convolutional neural network model for HSI clas-
sification is proposed, and an attention mechanism is added to the model, which is
experimentally proven to have the advantages of high accuracy and fast convergence.

This lightweight model uses a 1 x 1 convolution kernel from the first layer to reor-
ganize the channels of the hyperspectral data to reduce the number of spectral channels
for further processing later. Then it enters the residual module to fully extract the spatial
spectral features of the hyperspectral data through the residual unit. This is followed by
alayer of 1 x 1 filters and a global average pooling to classify the data. The attention
mechanism is added in the last layer to adjust the weights of the pixel points in the data
without changing the execution results of the previous layer, and the weights of the pixel
points where we are more concerned about the crop-related information are adjusted
upward, which can effectively enhance our attention to the crop and also accelerate the
convergence of the data.

The separable convolution used in the residual block of the model not only ensures
the accuracy of the classification, but also further reduces the number of parameters of
this model, decreases the load on the machine, and helps the model to classify more
quickly. During the experimental comparison, we clearly see that the model used in
this paper has the highest accuracy and the shortest operation time at the same time.
This indicates that the model has a strong generalization ability and is fully capable of
performing the classification task of HSI data excellently.

Therefore, in summary, the model proposed in this paper has high accuracy and fast
speed, and is highly feasible for the task of classifying HSI data again. In the future
research, I will devote myself to the classification of hyperspectral images, using 3D
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convolution, or adding density connection and other methods, and continue to work
deeply in this field. I will strive to build a better network model.
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