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Abstract. In response to the problems of low accuracy and long time consump-
tion in traditional hyperspectral remote sensing image classification methods, this
paper proposes a hyperspectral remote sensing image classification method based
on a three-dimensional convolutional neural network model. Firstly, the image data
is preprocessed and normalized. Based on this, a three-dimensional convolutional
neural network is introduced into the learning of image data. On this basis, by opti-
mizing the overall connectivity parameters of the convolutional kernel function,
hyperspectral remote sensing image classification based on the convolutional ker-
nel function was achieved. Experiments have shown that the algorithm proposed in
this article can accurately classify hyperspectral images and achieve good results.
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1 Introduction

Hyperspectral remote sensing is a means of analyzing and identifying the reflectance
characteristics of the measured substance at different wavelengths. It has been widely
used in environmental monitoring, geological exploration, agricultural production, and
other fields. The acquisition, processing, and application of hyperspectral remote sens-
ing images have been a research hotspot internationally in recent years. Hyperspectral
remote sensing images are the process of synthesizing the information of ground objects
in different bands such as visible light and infrared to form multi band images. Compared
to conventional remote sensing images, hyperspectral images have higher spatiotempo-
ral resolution and can provide more ground information. Hyperspectral remote sens-
ing image classification is an important research topic in hyperspectral remote sensing
images [1]. It is an important aspect of hyperspectral remote sensing image data, and its
accuracy will directly affect the practical application of hyperspectral remote sensing
images. Hyperspectral remote sensing image can provide abundant surface information
due to its multi band, high spatial resolution, high Spectral resolution and other char-
acteristics, and has important application value in land use, vegetation coverage, water
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resources monitoring and other aspects. Hyperspectral remote sensing image classifica-
tion refers to the classification of pixels in the image, including vegetation, water bodies,
buildings, bare land, etc. The research results will provide scientific basis for land use,
land cover, environmental monitoring, and resource management, as well as for agri-
culture, urban planning, and disaster risk assessment. However, currently hyperspectral
remote sensing image classification still faces many challenges, such as high scene com-
plexity and high image noise. Due to the similarity and confusion of a large number of
pixels in the image, classification algorithms become more complex [2]. However, due
to the frequent interference of clouds, shadows, and atmospheric disturbances in image
data, the accuracy of image classification is low. In the context of massive hyperspectral
data, achieving precise classification of remote sensing images remains a challenging
issue. How to efficiently use hyperspectral data and classify it is crucial to improve.

In the classification of hyperspectral remote sensing images, researchers have used
various methods to improve their classification accuracy. Reference [3] proposes a clas-
sification method for hyperspectral remote sensing images based on EMP and mixed
kernel SVM. This method first effectively extracts spatial information through EMP,
and then uses different kernel functions to process spatial and spectral information, ulti-
mately completing hyperspectral image classification using mixed kernel SVM. This
method has high classification accuracy for hyperspectral remote sensing images, but
poor classification efficiency. Reference [4] proposes a hyperspectral remote sensing
image classification algorithm based on multi-dimensional CNN. This algorithm inte-
grates CNN from different dimensions and combines spatial and spectral information for
hyperspectral remote sensing image classification. The comprehensive utilization of the
abstract expression ability of three types of CNN for hyperspectral spatial spectral joint
information has effectively promoted the application of CNN in the field of hyperspectral
remote sensing image classification. This algorithm has good classification efficiency
for hyperspectral remote sensing images, but poor classification accuracy.

In response to the problems of the above methods, this article intends to conduct
research on hyperspectral remote sensing image classification based on convolutional
neural networks. Compared with the traditional hyperspectral remote sensing image
classification methods, this method introduces a three-dimensional Convolutional neural
network model. Three dimensional Convolutional neural network can learn the spatial
and spectral information of images at the same time, so as to capture image features
more comprehensively. This method further improves classification accuracy by opti-
mizing the overall connectivity parameters of the convolutional kernel function. The
optimization of connectivity parameters can enhance the perceptual ability of convolu-
tional kernels in hyperspectral remote sensing images, enabling them to better adapt to
the feature distribution and classification requirements of images.

2 Hyperspectral Remote Sensing Image Preprocessing
and Normalization Processing

The data preprocessing of hyperspectral remote sensing images is an important aspect
that cannot be ignored in remote sensing data analysis. Firstly, hyperspectral images are
composed of thousands of spectral bands, making data processing and storage difficult.
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Moreover, hyperspectral image data often contains factors such as noise, atmospheric
interference, and surface shadows, which can cause errors and affect the accuracy of the
data. Therefore, it is necessary to preprocess hyperspectral remote sensing images to
eliminate these effects and obtain more accurate and reliable information.

The preprocessing and normalization of hyperspectral remote sensing images are
two important steps in hyperspectral data analysis. Preprocessing refers to the process
of spatial correction, spectral correction, and denoising of hyperspectral images before
analysis, in order to reduce the impact of errors and noise on the data and improve
the quality and reliability of the data. Normalization processing is aimed at solving the
problem of the difference in intensity values between different bands in hyperspectral
data. A series of mathematical methods are used to convert hyperspectral image data
into data at the same scale, making comparison and analysis between different bands
more convenient and accurate.

2.1 Hyperspectral Image Data Preprocessing

For hyperspectral image classification algorithms, in order to achieve high classification
accuracy while preserving the internal structure of the original data, it is necessary to
find a low dimensional subspace composed of several end element spectral images,
where each single pixel represents an actual feature. Using the dimensionality reduction
method to construct linear graph M, ensuring that each adjacent pixel in the initial image
maintains a relatively close projection distance and is always in the subspace. Thus,
relevant information in local areas can be well preserved. For complex hyperspectral
image classification structures, this can play a protective and constraining role, and
effectively protect the diverse internal structure of the initial image [5]. Assuming the
initial data of the training sample is:

Class (x;,1, Xi,2, ooy Xijores Xiin), Xij € RY, is labeled as y € {l,2, ..., c}, nrepresents
the total number of training samples, ¢ represents the classification quantity value of
training samples, and assuming n; represents the / training sample number, there is
Y i_; m = n. The intimate relationship between training sample x; and training sample

x;j is:
2
Aij= exp<——”x’ — ) (1)
Vi =Y

yi = ||xi = xim| (2

In the formula, y;, y; represents the number of samples, and x;x; represents the m
adjacent sample within local scale x; p,.

On this basis, a new method that can effectively protect local information between
pixels is proposed. It is necessary to use local dimensionality reduction methods to obtain
a linear graph M through projection. Linear graph M not only effectively protects local
information but also separates graph categories [6—8]. The formula for the scatter matrix
between local information of adjacent pixels and the intra class scatter matrix is:

Lip =3 2 Wil = xj) (i )" @
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Lio =5 3 Wiyl =) (xi —x)" @

In the formula, W; ; represents the close connection value between the training sample
categories, and W; j represents the close connection value between the local categories
of the training sample. Among them, the local inter category scatter matrix Ly, and the
overall inter category scatter matrix Ly, are both n x n-squared matrices.

According to formula (1), the close connection value between each adjacent pixel can
be obtained [9], and the ratio of the maximum value obtained through local dispersion
matrix is Fisher:

T T
Ly, = 4Ly, (5)

In the equation, § represents the diagonal characteristic value of the matrix, and the
transformation matrix is:

-1
Trrpa = arg Tléllggir”” |:(TLTFDAleTLFDA) Tl epaLiv TLFDA] (6)

In the equation, #r(.) represents the motion trajectory function of the matrix.

This data preprocessing model has protective constraints and does not damage the
diversified structure of the initial image. This model measures its constraint by the
similarity between local adjacent pixels, utilizing the variable characteristics of matrix
Trrpa to make each individual adjacent pixel in the same category close to each other,
while those in different categories are separated from each other. This not only preserves
the local features of the initial data but also obtains a more compact distribution structure,
while reducing Bayesian error, ultimately achieving the goal of improving classification
accuracy.

2.2 Normalization Processing of Hyperspectral Remote Sensing Images

To achieve the desired effect, a basic preparation work needs to be carried out before
classification, which is to perform standard normalization processing on the initial data.
In classification models based on convolutional neural networks, using standardized
methods to input data into different classification spaces can result in significant dif-
ferences in classification results [10—12]. The spectral reflectance values of each indi-
vidual pixel in the initial image may vary from several hundred to several thousand,
and the numerical span is relatively large during the separation process, which increases
the computational difficulty. However, using the standardized mean difference method
can relatively improve. Firstly, each trajectory segment of the hyperspectral image is
standardized. This operation can make the spectral curve fluctuation trajectory of each
individual pixel more obvious and easier to determine, while increasing the variation of
trajectory differences and relatively reducing the complexity [13—15]. Thus achieving
an effect of improving classification training speed and accuracy. Assuming all pixels
are taken as column vector x;, the formula is as follows:

Xi .

1 @)
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In the equation, u represents the average pixel value of the initial image, and A
represents the pixel standard deviation of the image at i curve band. After standardizing
the initial data, it will lay a good foundation for subsequent image classification and
greatly improve the classification effect [16, 17].

3 Image Classification Method Based on Three-Dimensional
Convolutional Neural Network Model

3.1 Image Recognition

The CNN model is used to complete hyperspectral remote sensing image recognition,
which includes an input layer, a hidden layer, and an output layer. The hidden layer
serves as the neural structure layer in the model, including convolution, pooling, and a
single-layer perceptron. This layer mainly realizes image recognition [5, 19].

Using processed hyperspectral remote sensing images as input samples for the CNN
model, with a quantity of m, the sample set {(x("), y(D), ..., (x(™, y(™)} consists of
n categories. Taking sample x(!) as a Reference, the corresponding category labels are
represented by j. The basic cost function calculation formula for the network model is:

9(W,b) = R(W, b) = [% > e(w. b x“'),j)]

-[25(3 hw,b(x“:)l—fz)}

In the formula, the weight value is represented by W, which is used to complete the
connection of each layer in the model; The offset term is represented by b; Ay b(x(i))
represents the output result and is completed at the last level of the model.

The training purpose of the model is to obtain the minimum value of ¢ (W, b), using
parameters W and b as Reference. The optimization objective function is completed
through the gradient descent method, and the iterative equation is:

®)

I I 0
wi =wi - amgo(w, b) 9)

I 1 Gl
b = by — a_ab“)(p(w’ b) (10)

ij

In the equation, the learning rate is represented by «. The BP algorithm is used
to solve the partial derivative of formulas (9) and (10). The acquisition of Ay b(x([)) is
completed through the forward propagation algorithm. The difference between this value
and the actual value is represented by 81.("1), and the solution of 81.("1) and n/ represents
the model output layer; The residual error of each layer of the model is solved based on
the residual error of 6, and the partial derivative of formula (9) and (10) is solved.
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The residual solution formula for the last layer of the network is:

d . 2
soh — 991 _ ‘hw’b(x(’))—jH (11)

o 1 ‘
1 9 Z,'(n[) 9 Zi(nl) 2

In the formula, both Zi(l) and Zi(”l) represent weighted sums, and both belong to
the i unit, with the former located in the [ layer; The latter is located on the last layer
of the model. Based on the above steps, complete hyperspectral remote sensing image
recognition.

3.2 Model Optimization Image Classification

During the recognition process of the CNN model, the full connection process of the
single-layer perceptron determines the recognition output of the model. Therefore, in
order to improve the recognition effect and convergence efficiency of the model, double
optimization is performed on it.

If k represents the number of convolutional layers and /¢ X liig Tepresents the size,
it belongs to the convolutional kernel; The matrix of /;;,g X ljg represents the inputimage
size, while both n;, and n,,,; represent the number of images and correspond to the input
and output respectively; Using iterative methods, the feature matrix S with the smallest
objective function value is processed to obtain a matrix of Mat|. The convolution kernel
optimization is completed through convolution coefficients, and the convolution results
are analyzed using the binary method; Establish a function expression and complete
it based on the interpolation principle; p represents the coefficient, which belongs to
dynamic convolution, and its calculation formula is:

2
Ninout!;

n=——r 40 (12)

In the formula, the correction Error term is represented by ;. The formula for
solving the number of parameters is represented by formula (13), which corresponds to
the convolutional kernel for both input and output data. The formula is:

Fin = Ninlfers four = Nourlier (13)

The optimized convolution kernel calculation formula (14) represents and is

initialized:
m
Muyy =2 | —— M, (14)
“ fon+four "

In the equation, the convolutional kernel parameter matrix is represented by M,
and is optimized.

Let p represent the optimization coefficient, which is used to optimize the fully
connected parameters. The formula is:

Ncag

p="5 (y—sks’l) (15)
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In the equation, y represents a factor that is related to the optimization coefficient.
If 6, indicates the correction of Error term, then:

y = (g = eas) = K] + 62 (16)
e—1

A=k+) i (17
i=0

The optimized fully connected layer parameter formula is:

Maty =2 | —F—— . Mar; (18)
Neag + nflimg

Based on the above optimization steps, the calculation formula for the optimization
coefficient n of the model is:

Mo iz e
n= o+ —k (19)
Mo+ 1 Mo—i—M(V )

Update and solve formula (18):

Maty =2 |——— . Man, (20)

Ncag + ny llmg
On this basis, an optimized 3D convolutional neural network model is used to
introduce a support vector machine to construct an image classifier:

Num
x] = aign (Z aiyi Z BinKm xzs x] + b) (21

In the formula, g(xj) represents the j expected image label parameter in MKL —
SVM , and Num represents the number of collected parameters. Input Num has different
expressions in different situations.

~ y; represents the optimized parameters and the number of samples collected
during training, while K, (xl-, xj) represents the kernel function in this formula. In the
test set and training set, itis N x (n — m) ~ N x m respectively. To obtain the results of
image classification, the features of the fused test set images are input into an MKL—SVM
high-resolution image classifier to complete image classification.

4 Experimental Methods

4.1 Experimental Parameter Settings

Using hyperspectral remote sensing images as experimental samples. 15% of the labeled
samples will be randomly selected as test samples, and the remaining 85% will be used
as training samples. Firstly, the preprocessed initial data is transferred into the input
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layer as raw data. Then, take 1 x 100 as the column vector of each pixel for preliminary
data input, go through the second convolution layer, set the image feature to 30, and
the convolution kernel to size 1 x 4, and use the actual effect activation function RELU
for activation. At this time, take the column vector of 30 1 x 100 for each pixel as the
initial data input into the convolution layer. Take the data output from the convolution
layer as the input data of the next pooling layer. The window size of the pooling layer
is 1 x 2. Each pixel passing through this layer will output 25 1 x 50 column vector.
After this operation, good classification results can be achieved. Using Reference [3]
and Reference [4] as experimental comparison methods to verify the effectiveness of the
algorithm.

4.2 Experimental Results

Table 1. Comparison of Training Times and Coefficients of Three Methods

Index Reference [3] Method Reference [4] Method Proposed method
training time/s 6.11 7.89 6.62
Test time/s 15.23 16.99 12.36
overall time/s 25.67 26.82 20.44
kappa coefficient | 76.52 82.34 91.44

Table 1 shows the comparison of the time and Kappa coefficient required for the
three classification algorithms in the classification experiment process. From the table,
it can be seen that although the method in Reference [2] has slightly lower training
time than the algorithm in this paper, the classification accuracy is the lowest among
these methods. This is because in order to achieve ideal classification results during
the training process, a large amount of training time is required. However, compared
to other algorithms, this method has a relatively fast testing and training process, and
has achieved the optimal classification experimental results. It can be said that there
is a good balance between accuracy and time selection. The coefficient in this article
Kappa is also the best among all methods, indicating that the optimal classification can
be achieved in any aspect.

Classification of remote sensing images with different resolutions is an important
research field in the application of remote sensing technology. Classification accuracy
is the main indicator for measuring the quality of classification results. This project
aims to study high-resolution and low-resolution data, and compare and analyze the
image classification results under two different resolutions. The comparison results of
classification accuracy obtained are shown in Figs. 1 and 2.

From Fig. 1, it can be seen that as the number of iterations increases, the three
classification methods show an upward trend. However, compared to the other two
methods, the overall classification accuracy of the classification method designed in this
article is higher. When the number of experimental iterations reached 65000, the method
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Fig. 1. Comparison results of classification accuracy for high-resolution remote sensing images

in this paper achieved the highest classification accuracy of 96.62% in the test dataset,
and the classification effect was good. The reason for obtaining the experimental results
is that the test set images selected in the experiment contain a large number of background
regions, and the remote sensing image features are not obvious. The classification model
construction module used in the literature method is relatively simple, so the accuracy of
discriminative region positioning is lower, so the classification accuracy is lower. This
article adopts a three-dimensional convolutional neural network model as the training
model for hyperspectral remote sensing images. By optimizing the convolutional kernel
and fully connected parameters, accurate classification of hyperspectral remote sensing
images can be achieved.

Due to the blurry edge and target features of low resolution remote sensing images,
as well as the partial loss of pixels in remote sensing images, it increases the difficulty
of remote sensing image classification. From Fig. 2, it can be seen that as the number
of samples increases, the overall classification accuracy of the classification method
designed in this article is higher compared to the other two methods. When the sample
size reached 90, the method in this paper achieved the highest classification accuracy of
95.5% in the test dataset, and the classification effect was good. The reason for obtaining
the experimental results is that the method used in this paper preprocesses and normalizes
the data of hyperspectral remote sensing images, eliminating the influence of noise and
interference in hyperspectral image data, and thus obtaining more accurate and reliable
information. This can prove that the proposed method can achieve better classification
results for remote sensing images in both high-resolution and low-resolution scenarios.

Figure 3 shows the comparison of classification and recognition time between our
method and traditional methods, with six datasets set in the experiment. From the figure, it
can be seen that the classification and recognition time of our method is relatively short,
while the Reference method has poor data convergence ability due to not removing
redundant information, and cannot quickly achieve classification and recognition of
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Fig. 2. Comparison Results of Classification Accuracy of Low Resolution Remote Sensing
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Fig. 3. Comparison of classification and recognition time for hyperspectral remote sensing images

hyperspectral remote sensing images. This also proves that the method proposed in this
paper has good advantages and can adapt to precise image classification and recognition
under various conditions. Three dimensional Convolutional neural network has good
parallel computing ability, which can learn spatial and spectral information at the same
time, effectively reducing processing time, thus accelerating the speed of classification.

On this basis, the recall rates of three methods for hyperspectral remote sensing

image classification were tested, and the experimental comparison results are shown in
Fig. 4.
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Fig. 4. Recall rate of hyperspectral remote sensing image classification

Analyzing Fig. 4, it can be seen that the recall rate of hyperspectral remote sensing
image classification for the method in reference [3] is 68 %, the recall rate of hyperspec-
tral remote sensing image classification for the method in reference [4] is 73%, and the
recommended English online teaching video resources for the method in this article take
94% of the time. Three dimensional Convolutional neural network model can automat-
ically extract representative features from hyperspectral images by multiple convolu-
tion and pooling operations. These features typically have a higher level of abstraction
and can better distinguish different categories. By feature extraction and dimensional-
ity reduction, the dimensionality of input data can be reduced, thereby improving the
classification recall rate of hyperspectral remote sensing images.

5 Conclusion

This article establishes a new classification method for hyperspectral remote sensing
images. On this basis, further optimize the structure and parameters of the neural network,
improve its learning and classification efficiency and stability, and enhance its ability to
extract complex pixel distributions and semantics from remote sensing images. Experi-
ments have shown that this algorithm can accurately classify hyperspectral images, better
capture image feature information, improve classification accuracy, and have a relatively
fast classification speed, effectively solving the classification problem of hyperspectral
images.

In future research, it is planned to further improve and improve the classification
algorithm of hyperspectral remote sensing images, improve their classification accuracy
and robustness through in-depth research on convolutional neural network models based
on previous work. At the same time, this project will also use convolutional neural

networks to interpret hyperspectral remote sensing data and explore deep information
within it.
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