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Existing remote sensing data classification methods cannot achieve the sharing of remote sensing image spectrum, leading to poor
fusion and classification of remote sensing data. *erefore, a high spatial resolution remote sensing data classification method
based on spectrum sharing is proposed. A page frame recovery algorithm (PFRA) is introduced to allocate the wireless spectrum
resources in low-frequency band, and a dynamic spectrum sharing mechanism is designed between the primary and secondary
users of remote sensing images. Based on this, D-S evidence theory is used to fuse high spatial resolution remote sensing data and
correct the pixel brightness of the fused multispectral image. *e initial data are normalized, the feature of spectral image is
extracted, the convolution neural network classification model is constructed, and the remote sensing image is segmented.
Experimental results show that the proposed method takes shorter time and has higher accuracy for high spatial resolution image
segmentation. High spatial resolution remote sensing data classification is more efficient, and the accuracy of data classification
and remote sensing image fusion are more ideal.

1. Introduction

*e spatial resolution of remote sensing images with high
spatial resolution is greatly improved, which is fully reflected
in the obvious internal differentiation of features, increased
texture, rich details, and prominent edges [1]. Remote
sensing images, especially high-resolution remote sensing
images, have broad application prospects in land use and
land cover change [2]. However, due to the uncertainty in
the acquisition and processing of high spatial resolution
remote sensing information, the classification accuracy of
remote sensing data is difficult to meet the needs of land
cover change, environmental monitoring, and thematic
information extraction.

In order to improve this problem, scholars in relevant
fields at home and abroad have also put forward some re-
search results. Reference [3] proposed a remote sensing
image classification algorithm combining IFCM (improved

FCM) clustering and variational inference. In the feature
extraction stage, the spatial pixel template method is used to
extract the pixel feature points, and the posterior distribu-
tion of parameters is approximated based on the variational
inference method in Bayesian statistics to obtain the image
classification results. In reference [4], a classification fusion
algorithm based on machine learning is proposed. *e
classification fusion results of ranking level and measure-
ment level are output, and the typical areas of Landsat 8
remote sensing images in Beijing are used for classification
prediction. A new object-oriented classification method is
proposed in reference [5], which uses the segmentation
algorithm to perform the initial over segmentation of the
original image. *e segmentation unit with good homo-
geneity is obtained. *e segmentation unit is taken as the
object to be processed; Gravitational Self-Organizing Map
(G SOM) is used to cluster the segmented objects, the
clustering results are obtained, and the consistency function
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is used to integrate the diverse clustering results at the least
cost, so as to realize fast and automatic decision classifica-
tion. In reference [6], a multisensor classification strategy
based on deep learning integration process and decision
fusion framework is studied. Random feature selection is
used to generate two independent CNN-SVM integrated
systems, one for LiDAR and VIS and the other for HS data to
overcome similarity and over matching.

However, none of the above studies can realize the
spectrum sharing of remote sensing images, resulting in the
poor effect of remote sensing data fusion and classification.
*erefore, a high spatial resolution remote sensing data
classification method based on spectrum sharing is pro-
posed. First, share the low-frequency wireless spectrum
resources of remote sensing images. D-S evidence theory
fusion method is used to realize high spatial resolution
remote sensing data fusion. *e convolution neural network
classification model is constructed to realize the classifica-
tion of high spatial resolution remote sensing data based on
spectrum sharing. *e experimental results show that the
image segmentation time of the proposed high spatial res-
olution remote sensing classification method is shorter, the
remote sensing image can be segmented accurately, and the
data fusion effect of remote sensing image is better. *e
above experimental results show that the proposed high
spatial resolution remote sensing data classification method
based on spectrum sharing is practical and can provide a
reliable theoretical basis for this field.

2. Method

2.1. Remote Sensing Image Dynamic Spectrum Sharing
Method. PFRA-based radio spectrum resource allocation
optimization method is used for remote sensing image in
low-frequency band [7, 8] to improve the problem of
spectrum resource shortage. If the number of available
channels is M, the channel gain of subtransmitter ST1

,
subreceiver SR2

, subtransmitter ST, main receiver PR, main
transmitter PT, and subreceiver SR in channel m is described
as gss(m, ST1

, SR2
), gsp(m, ST, PR), and gps(m, PT, SR).

Among them, channel gain is composed of large-scale at-
tenuation and small-scale attenuation. In channel m, the
transmitting power of secondary transmitter ST and main
transmitter PT is Ps(m, ST), Pp(m, PT), and SL,x is the
secondary remote sensing link, respectively. Each remote
sensing link SL,x has channel request CSL,x

, so the channel
allocation matrix shall meet the request convergence con-
ditions of the sub-remote sensing link channel, and each
sub-remote sensing link channel request shall be set to the
same fixed value, namely,


M

m�1
a m, SL,x  � CSL

. (1)

In the process of wireless spectrum sharing of remote
sensing images, the same spectrum can be shared with the
primary user only when the disturbance caused by the
secondary user to the primary user is less than a fixed limit

[9]. Meanwhile, the secondary transmitter has the maximum
transmitting power, and the sum of the transmitting power
of the secondary transmitter within each frequency band
shall not exceed the maximum transmitting power, namely,


ST∈I

Ps m, ST( gsp m, ST, PR( ≤ I
m
PR

,


m∈WSTx

Ps m, STx( ≤P
max
s .

(2)

In the allocation of wireless spectrum resources in the
low-frequency band of remote sensing image, the network
income should be considered. *e dry ratio of received
signals of subreceiver SRx in channel m is described as
follows:

cs m, SL,x  �
Ss

Ns + Np + PN0
 

. (3)

where Ss represents the signal available in the sub-remote
sensing link, Ns represents the disturbance originating in the
remaining sub-remote sensing links, Np represents the
disturbance originating in the main remote sensing link, and
PN0

represents the noise power. *erefore, the reachable
speed of the comparison is

rs m, STx(  � lb 1 + cs m, STx( ( . (4)

*ere is a certain correlation between the reachability of
sub-remote sensing link in channel m and the channel al-
location result, so the channel allocation matrix can be
expressed as

AM×S � a m, SL,x |a m, SL,x  ∈ 0, 1{ } 
M×S

. (5)

In the formula, a(m, SL,x) � 1 represents the assignment
of channel m to sub-remote sensing link SL,x and
a(m, SL,x) � 0 represents the assignment of channel m to
sub-remote sensing link SL,x. Only when channel m is
assigned to the sub-remote sensing link, the relative
reachable speed can be obtained.*erefore, the sum of all RS
link speeds is expressed as

R
total
s � 

s

x�1
Rs SL,x 

� 
S

x�1


M

m�1
rs m, SL,x a m, SL,x ,

(6)

maxR
total
s � 

s

x�1
Rs SL,x . (7)

*e greater the speed sum of sub-remote sensing links,
the better the spectrum utilization.

*e problem of wireless spectrum sharing of remote
sensing image in low-frequency band is to solve channel
assignment matrix AM×N. *e sum of the perturbation el-
ements in each channel is taken as the perturbation coef-
ficient of the channel [10] and expressed as follows:
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Fm � 
S

xi�1


S

xj�xi+1
a m, SL,xi

 a m, ST,xj
 f SL,xi

, m, ST,xj
 ,

(8)

minFmean �
1

M


M

m�1
Fm. (9)

Formula (9) ensures that the mean of the disturbance
coefficient is minimized and that the disturbance between
each secondary user assigned to the same spectrum is
minimized. In addition, in the allocation of remote sensing
image spectrum resources, the disturbance to the primary
user should be minimized. By minimizing the disturbance,
all the primary users can be controlled within the distur-
bance. *erefore, the disturbance obtained by primary user
PR in spectrum m may be expressed as

I
m
PRP

� 

S

x�1
I PR,p, m, SL,x , (10)

min IP � max 
S

x�1
I PR,p, m, SL,x ⎛⎝ ⎞⎠. (11)

In formula (11), I(PR,p, m, SL,x) indicates the magnitude
of the disturbance to primary user PR,p caused by the sec-
ondary transmitter STx in the spectrum m.

Since the spectrum of remotely sensed images is dy-
namically changing, the problem of dynamic spectrum
sharing of remotely sensed images can be described as
follows: based on the limited spectrum resources available, a
dynamic spectrum sharing mechanism between the primary
and secondary users of remotely sensed images can be
modelled [11] to share the free frequency bands to the
secondary users to optimize utilization.

Figure 1 depicts the relationship between the dynamic
spectrum sharing links of remote sensing images.

Spectrum estimation value of remote sensing image is as
follows:

rji � bilg 1 +
1
l
2
ji

× δ⎛⎝ ⎞⎠. (12)

where bi is used to describe the channel bandwidth of
spectrum yi, lji is used to indicate the demand for idle
channels by secondary user j, and δ is a constant, which is
affected by factors such as transmission power, noise, and
antenna gain, so the channel value estimation matrix is
expressed in R � rji 

Q×Z
.

Suppose a channel is only available to one secondary
user, and all secondary users can select only one free channel
at a time. P � pji 

Q×Z
is used to describe the sharing matrix;

in the case of element pji � 1, the spectrum holder yi will
share the free channel to the second level user j, and in the
case of pji � 0, the spectrum holder yi will not share the free
channel to the second level user j. *erefore, a reasonable
sharing matrix must meet the following conditions:



Z

j�1
pji × j≤ qi, ∀i � 1, 2, . . . , Q,



Q

i�1
pji × j≤ 1, ∀j � 1, 2, . . . , Z.

(13)

In formula (13), qi represents that each spectrum holder
can share free channels to a secondary user at most. Optimal
dynamic spectrum sharing is to maximize spectrum effi-
ciency, which can be obtained by using the following linear
optimization equation:

P � argmax
P



Z

j�1


Q

i�1
pji · rji ∼ wi . (14)

Constraints are expressed as



Z

j�1
pji × j≤ qi, ∀i � 1, 2, . . . , Q,



Q

j�1
pji × j≤ 1, ∀j � 1, 2, . . . , Z,

pji ∈ 0, 1{ },
∀i � 1, 2, . . . , Z,

∀j � 1, 2, . . . , Z.

⎧⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

(15)

2.2. Normalization of High Spatial Resolution Remote Sensing
Data. In order to achieve the ideal image processing effect, it
is necessary to normalize the initial data in classification. In
the classification model based on convolution neural net-
work [12, 13], using standardized method to input data into
different classification space, the operation process will make
a big difference between different image classification results.
*e spectral reflectance difference per single pixel of the
initial image is large, and the numerical span is relatively
large in the separation process and will increase the com-
putational difficulty. Firstly, each trajectory segment of high
spatial resolution remote sensing data is normalized. *is
operation can make the trajectory of each single pixel’s
spectral curve more obvious and easier to judge and increase
the variation of trajectory and reduce the complexity so as to
improve the speed and accuracy of classification training.
Assuming all pixels as column vector xi, the formula is as
follows:

Xi �
Xi − μ

λ
− 1. (16)

where μ represents the pixel average value of the initial image
and λ represents the pixel standard deviation of the image in
the i -th curve band.

2.3. Classification Method of High Spatial Resolution Remote
Sensing Data Based on Spectrum Sharing. High spatial res-
olution remote sensing monitoring refers to the use of high
spatial resolution remote sensing technology for target
monitoring in order to achieve quantitative analysis and
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determination of the characteristics and processes of surface
change from monitoring data [14]. So far, high spatial
resolution remote sensing technology has been widely used
in meteorology, land, ocean, agriculture, geology, military,
and other fields.

Classification is one of the main objectives of high spatial
resolution remote sensing monitoring, which is a method of
dividing each pixel or region into a certain type of terrain
based on features collected by airborne LiDAR and
hyperspectral technology [15]. *e basic principle is as
follows: because of different kinds of objects and different
responses to electromagnetic waves, the high spatial reso-
lution remote sensing data collected by airborne LiDAR and
hyperspectral high spatial resolution remote sensing tech-
nology are different, which leads to different feature pa-
rameters. Data classification is achieved by using this feature
to distinguish the target object from other objects [16].

Based on the above description, the classification of high
spatial resolution remote sensing monitoring data is gen-
erally divided into six steps, as shown in Figure 2.

As can be seen from Figure 2, the classification of high
spatial resolution remote sensing monitoring data includes
data acquisition; preprocessing of high spatial resolution
remote sensing monitoring data to improve the quality of
data; feature extraction to select and reflect the character-
istics of the target object; classification realization to be based
on features, using classification algorithms to achieve clas-
sification; evaluation and analysis to analyze the effectiveness
and feasibility of the method through simulation experi-
ments; and output to show the test results in the form of
images, statistical tables, etc. [17, 18].

2.3.1. Image Fusion. D-S evidence theory fusion method is
used to realize high spatial resolution remote sensing data
fusion [19]. *e D-S theory of evidence constructs a trust
structure as follows.

Basic probability distribution function: set U to repre-
sent a finite set and m to represent the probability distri-
bution function on set U, which satisfies the following
conditions [20]: m(ϕ) � 0; for any A ⊂ U, 0≤m(A)< 1;
A⊂Um(A) � 1.

*e basic probability function m: 2U⟶ [0, 1] men-
tioned above has a certain degree of confidence, which is
usually subjectively defined.

Trust function is given by

Bel: 2U⟶ [0, 1] · Bel(A) � 
B⊆A

m(B). (17)

*e trust function of any subset A in set U is the sum of
the basic probability functions of all subsets, and the trust
function describes the global trust degree of evidence to A is
true.

*e expression of likelihood function [21] is

Pl(A) � 1 − Bel A′( . (18)

In this expression, A′ stands for the complement of A.
Evidence theory can combine different kinds of evidences,
which are related to each other, so as to fuse different kinds
of evidences and get the final conclusion.*e fusion rules are
as follows: assuming that m1(A) and (A ∈ 2U) are the basic
probability functions under different evidence U, the fol-
lowing combination rules of evidence theory may be applied:

Spectrum detection

Available spectrum

Spectrum 
requirements

Interference limit

Dynamic 
spectrum 
allocation

Optimization 
objective

User

Network architectureAuthorization 
protection

Figure 1: Relationship between dynamic spectrum sharing links.
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m(A) �

0, A � ϕ,

K 
B∩C�A

m1(B)m2(C), A≠ϕ.

⎧⎪⎨

⎪⎩
(19)

In the process of fusion, if the trust degree is 0,
B∩C�ϕm1(B)m2(C) will be discarded, and if no compen-
sation is made after discarding, the total trust value will be
less than 1, and parameter K will be introduced, that is, the
part that can be compensated is discarded, and the total trust
degree after fusion will be 1. *e expression after fusion is
m1, m2 orthogonal and m � m1⊕m2; similarly, assuming that
there are multiple related evidence parallel fusion, then
m � m1⊕m2⊕ · · ·⊕mn.

In the operation of D-S evidence theory, the evidence
accumulation can reduce the hypothesis set continuously,
the complexity of time and information is low, and it has
very good effect in dealing with the unstable factors caused
by fuzzy generation.

Despite the preliminary data processing, however, the
amount of data received by the coordinator for each data
acquisition is still very large, including the environmental
parameters transmitted from the acquisition nodes [22]. D-S

evidence theory is used to realize the fusion analysis of
various environmental parameters, and the support degree
of each set of data to various hypotheses is given to guide the
control decision. *e data fusion method is shown in
Figure 3.

2.3.2. Pixel Brightness Value Correction. Because of the
saturation problem of pixel brightness in different images in
HS-2 satellite dataset, it is necessary to correct the pixel
brightness of fused multispectral images [23, 24]. Taking the
upper limit of the cumulative pixel brightness value within
the range of [1, 63] as the standard and taking the standard
pixel brightness value of the multispectral camera as the
reference data, a univariate quadratic model is constructed:

Dq � δ × D
2

+ c × D + λ. (20)

In (19), Dq represents the brightness value of corrected
pixels, D represents the brightness value of pixels before
correction, and δ, c, and λ are all regression parameters. *e
quadratic model of one variable described in formula (19) is

Airborne lidar data Hyperspectral
remote sensing data

Pretreatment Pretreatment

Feature extraction Feature extraction

Classification of 
remote sensing 
monitoring data

Evaluation analysis

Result output

End

Start

Figure 2: Basic process of high spatial resolution remote sensing monitoring data classification.
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used to eliminate unstable pixels from high spatial resolution
remote sensing images of HS-2 [25, 26].

3. Classification Algorithm Design of High
Spatial Resolution Remote Sensing Data

3.1. Spectral ImageFeatureExtraction. *e feature extraction
of high spatial resolution remote sensing data is mainly
through the sinusoidal two-dimensional transformation
function modulated by Gaussian function, and the ex-
pression formula is [27–29]

g(x, y; ϑ, θ, φ, σ, c) � exp −
x′

2
+ c

2
y′

2

2σ2
⎛⎝ ⎞⎠exp j 2π

x′
δϑ

+ φ  ,

x′ � x cos θ + y sin θ,

y′ � x cos θ − y sin θ.

(21)

In the formula (20), x and y represent the values of the
transverse coordinate system, ϑ the sine of the wavelength of
the factor, θ the angle between directions of the specified
parallel function, c the spatial phase ratio of the ellipticity of
the function, σ the standard deviation of the sine 2D
transformation function determined by space and wave-
length, and φ the composite function with the default value
and the imaginary part transformation.

In order to improve the accuracy of spatial resolution
remote sensing data classification, a spectral feature ex-
traction model is proposed. *e calculation formula is given
by

W Tij
′
�����Tij  � Zij × Tij . (22)

In the formula, the key point of feature extraction is to
capture the location of the central pixel, design and extract
the tunnel to focus the position of the central pixel Zij on the

Tij, convert the spectral feature vectors after the input and
convolution data output to one-dimensional vectors, and
then take r as the radius input data, then take the pixel as the
center point and Zij � Rk×k(k � 2R + 1) as the initial data
input to the designed feature extraction tunnel, and then
realize the spectral feature extraction in the region with the
central pixel Zij as the target [30]. *e design formula is as
follows:

F Tij, Tij
′  � f W Tij

′
�����Tij  + b . (23)

When the gradient of 2D transform function reaches
saturation, when x〉0, the gradient of the function is 1, so the
problem of gradient dispersion is alleviated in the process of
extracting.*erefore, the tunnel extracting method based on
2D transform function is not only accurate but also fast.

3.2. Construction of Convolution Neural Network Classifica-
tion Model. Different classification models of convolution
neural networks can be constructed by different training
methods [31, 32]. Figure 4 shows the classification model
structure. Set the training sample coefficient to ξ, so that
ξ � ξi|i � 1, 2, 3, 4 , and ξi is the equity coefficient between
layers i and (i − 1).

A high spatial resolution remote sensing data matrix is
established, and each pixel sample in the matrix is combined
into one, the number of columns is set to 1, and the number of
rows is the number of fragments of each high spatial resolution
remote sensing data, so as to construct the classification
processor model of convolution neural network. *erefore,
input layer A1 is (n1, 1), and n1 is the number of fragments of
high spatial resolution remote sensing data, hidden convolu-
tion layer B2 is composed of 20 convolution cores whose size is
(k1 × 1), including (20 × n2×1) nodes and n2 � n1 − k1 + 1,
so there are [20 × (k1 + 1)] training coefficients between the
convolution layer and the input layer, and poolC3 is the second
layer in the hidden convolution layer, whose function size is
(k2, 1), and there are (20 × n3 × 1) nodes without coefficient.

Node 1 Node n
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Figure 3: Remote sensing data fusion process.
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3.3. Remote Sensing Image Segmentation. After preprocess-
ing the high spatial resolution remote sensing image, the
high spatial resolution remote sensing image is segmented
according to the graph cut theory to obtain a large number of
remote sensing image blocks [33, 34]. In high spatial res-
olution remote sensing image, the boundary pixel and color
fluctuation are the key features of high spatial resolution
remote sensing image. Based on this feature, the target
boundary in high spatial resolution remote sensing image
can be described by energy function. *e energy function is
mapped into s-t network, and the boundary of high spatial
resolution remote sensing image can be divided according to
the minimum cost. *e RGB distance Sij between the nodes
with the above two features can be obtained through the
following formula:

Sij � Xi − Xj

�����

�����
2
. (24)

where i and j, respectively, represent any two nodes in the
high spatial resolution remote sensing image, and their
corresponding pixel RGB values are Xi and Xj, respectively.

*e edge weight kij of S-Tnetwork can be determined by
the following formula:

kij � A
− Sij/2θ

2
,

θ2 �
1

|A|


(i,j)∈A
Sij,

⎧⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎩

(25)

where A and θ2 represent the S-T network boundary and
node segmentation cost, respectively.

When the initial annular region contains the land class
boundary of high spatial resolution remote sensing image, in
order to minimize the cost of image cutting, it is necessary to
ensure that the active contour of S-T network includes the
land class boundary of remote sensing image.

Wine cos t(f) can be expressed as cos t(f), and the
curve with the smallest cos t(f) is the optimal segmentation
curve of the terrestrial boundary of the high spatial reso-
lution remote sensing image [35]:

f � argmin
f

cos t(f) � argmin
f


(i,j)∈f

ki,j. (26)

In the S-T network, due to the influence of boundary
thickness on the size of kij, the corresponding pixel RGB
value of nodes on both sides of the boundary of the high
spatial resolution remote sensing image will fluctuate sig-
nificantly, and the smaller the kij value, the smaller the
cumulative weight value of the pixels on the boundary of the
high spatial resolution remote sensing image [36]. *e S-T
network is segmented to obtain the ring line f, which
contains the cumulative weights of the edges as its seg-
mentation cost.

4. Analysis of Experimental Results

4.1. Comparison of Remote Sensing Image Fusion Effects.
In order to accurately judge the changes of spectral infor-
mation and spatial details before and after fusion, statistical
quantitative indicators are used to evaluate the effect of
remote sensing image fusion. During the experiment, the
correlation coefficient method is used to evaluate the effect
of high spatial resolution remote sensing image fusion. *e
calculation process of correlation coefficient is as follows:

ρ(G, B) �


N
j�1 

M
i�1(G(i, j) − G)(H(i, j) − H)

����������������������������������������


N
j�1 

M
i�1 (G(i, j) − G)

2


N
j�1 

M
i�1 (H(i, j) − H)

2
 .

(27)

In the above formula, G and H represent multispectral
image and panchromatic image respectively, M represents
the number of rows of image, and N represents the number
of columns of image. *e calculation formula is as follows:

Convolution shared 
interest

Maximum pooling
Full connection

Full connection

Characteristic
diagram

20 ×n2 ×1Input layer
1 ×n1 ×1

Characteristic
diagram

20 ×n3 ×1

n4 n5

Figure 4: Structure of convolutional neural network classification model.
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G � 
N

j�1


M

i�1

G(i, j)

(M, N)
,

H � 
N

j�1


M

i�1

H(i, j)

(M, N)
.

(28)

Due to the large vegetation area in the study area, when
using this method to extract office information, the pan-
chromatic band image and the 2–4 band of multispectral
image in the remote sensing data of the study area are se-
lected. In order to verify the effect and feasibility of this
method and increase the feasibility of experimental results,
the remote sensing image classification method based on
IFCM clustering and variational inference proposed in
reference [3] and the remote sensing image classification
method based on heterogeneous machine learning algo-
rithm fusion proposed in reference [4] are used as experi-
mental comparison methods. *e remote sensing image
fusion results of the three methods are shown in Figure 5.

According to the analysis of Figure 5, compared with the
two experimental comparison methods of remote sensing
image classification method based on IFCM clustering and
variational inference proposed in reference [3] and remote
sensing image classification method based on heterogeneous
machine learning algorithm fusion proposed in reference
[4], the remote sensing image fused by this method has high
definition and can effectively enhance the detailed features in
the space of remote sensing image.

*e remote sensing image classification method based
on IFCM clustering and variational inference proposed in
reference [3] is compared with the remote sensing image
classification method based on heterogeneous machine
learning algorithm fusion proposed in reference [4] and the
image fusion effect of this method. *e correlation coeffi-
cient results of different bands of multispectral images are
shown in Table 1.

By analyzing Table 1, compared with the two experi-
mental comparison methods of remote sensing image
classification method based on IFCM clustering and vari-
ational inference proposed in reference [3] and remote
sensing image classification method based on heterogeneous
machine learning algorithm fusion proposed in reference
[4], the correlation coefficient of remote sensing image fused
by this method is high, indicating that this method has the
strongest ability to retain spectral information.

4.2. Comparison of Accuracy and Kappa Coefficient.
Taking the overall accuracy POA and kappa coefficient as test
indicators, the higher the two coefficients, the better the
urban environmental layout effect. *e calculation formulas
of overall accuracy POA and kappa coefficient are as follows:

POA �


n
i�1 Xii

M
,

K �
M 

n
i�1 Xii − i,j�1 Xi+X+j 

M
2

− i,j�1Xi+X+j

,

(29)

where M represents the number of landscapes used for
staggered zone layout; Xii represents the number of land-
scapes in the error matrix; and Xi+ and X+j represent the
number of landscapes in row i and column j, respectively.

*e overall accuracy and kappa coefficient test results of
different methods are shown in Figures 6 and 7, respectively.

By analyzing the data in Figures 6 and 7, it can be seen
that the overall accuracy and kappa coefficient obtained by
the proposed method in multiple iterations are higher than
those obtained by the remote sensing image classification
method based on IFCM clustering and variational inference
and the remote sensing image classificationmethod based on
the fusion of heterogeneous machine learning algorithms
because the proposed method introduces the page frame
recovery algorithm (PFRA). *e allocation of low-frequency
wireless spectrum resources is completed, a dynamic
spectrum sharing mechanism between primary and sec-
ondary users of remote sensing images is designed, the
overall accuracy and kappa coefficient are improved, and a
good layout effect is obtained.

4.3. Comparison of Time Coefficient Indicators. Taking the
time coefficient as the test index, the proposed method, the
remote sensing image classification method based on IFCM
clustering and variational inference, and the remote sensing
image classification method based on the fusion of het-
erogeneous machine learning algorithms are used for test-
ing. *e larger the time coefficient, the longer the time
consumption of the method. Figure 8 shows the test results
of time coefficient.

As can be seen from Figure 8, the time coefficients
obtained by the proposed method are lower than those
obtained by IFCM clustering and variational inference and
by heterogeneous machine learning algorithm because the
proposed method uses D-S evidence theory to fuse high
spatial resolution remote sensing data and correct the pixel
brightness of the fused multispectral image. *e initial data
are normalized to extract spectral image features, which
reduces the time used and improves the classification effi-
ciency of remote sensing data.

4.4. Comparison of Time Consumption and Accuracy of Re-
mote Sensing Image Segmentation. *e segmentation results
of the proposed method, the classification method based on
IFCM clustering and variational inference, and the classi-
fication method based on heterogeneous machine learning
algorithm are shown in Table 2.

Table 2 shows that the average accuracy rate of remote
sensing image segmentation is 99.67%, 2.24% higher than
that of remote sensing image classification based on IFCM
clustering and variational inference and 11.37% higher than
that of remote sensing image classification based on het-
erogeneous machine learning algorithm fusion. At the same
time, the average time consumption of remote sensing image
segmentation is 0.38 s, 0.56 s lower than that of remote
sensing image classification based on IFCM clustering and
variational inference and 0.83 s lower than that based on
heterogeneous machine learning algorithm fusion. *e
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(a) (b)

(c) (d)

Figure 5: Remote sensing image fusion results. (a) Original multispectral image. (b) Fusion results of this method. (c) Remote sensing image
classification method based on IFCM clustering and variational inference. (d) Remote sensing image classification method based on
heterogeneous machine learning algorithm fusion.

Table 1: Image fusion effects of different methods.

Different methods Band 1 Band 2 Band 3
Paper method 0.9986 0.9994 0.9984
Remote sensing image classification method based on IFCM clustering and variational inference 0.8503 0.8588 0.8060
Remote sensing image classification method based on heterogeneous machine learning algorithm fusion 0.8592 0.8610 0.8577

Method proposed in this paper
Remote sensing image classification method based on
IFCM clustering and variational inference
Remote sensing image classification method based on
heterogeneous machine learning algorithm fusion
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Figure 6: Accuracy of different methods.
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Method proposed in this paper
Remote sensing image classification method based on
IFCM clustering and variational inference
Remote sensing image classification method based on
heterogeneous machine learning algorithm fusion
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Figure 7: Kappa coefficient of different methods.

Method proposed in this paper
Remote sensing image classification method based on
IFCM clustering and variational inference
Remote sensing image classification method based on
heterogeneous machine learning algorithm fusion
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Figure 8: Time coefficients of different methods.

Table 2: Segmentation effect of remote sensing image.

Land type river surface
class

Paper method

Remote sensing image
classification method based on
IFCM clustering and variational

inference

Remote sensing image classification
method based on heterogeneous
machine learning algorithm fusion

Segmentation time
(s)

Accuracy
(%)

Segmentation time
(s)

Accuracy
(%)

Segmentation time
(s) Accuracy (%)

Cultivated land 0.17 99.27 0.55 86.94 1.80 86.65
Construction land 0.14 99.67 0.89 87.12 1.85 87.34
Highway 0.17 97.69 0.79 85.86 1.93 85.60
Groundbreaking 0.19 98.90 1.16 82.36 0.90 87.55
Garden class 0.11 98.19 0.62 84.21 0.91 89.26
Forest land 0.12 92.04 1.83 88.84 1.38 86.98
Land type 0.27 92.01 1.99 84.55 1.68 86.47
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above data show that this method can reduce the time
consumption of remote sensing image segmentation on the
basis of ensuring high segmentation accuracy.

5. Conclusion

In order to optimize the data fusion and classification ac-
curacy of traditional remote sensing data, a high spatial
resolution remote sensing data classification method based
on spectrum sharing is proposed. *e following conclusions
are drawn:

(1) *e remote sensing image fused by this method has
high definition and can effectively enhance the
spatial detail features of remote sensing image. *e
correlation coefficient of the fused remote sensing
image is high, and the high spatial resolution remote
sensing data classification method based on spec-
trum sharing has the strongest ability to retain
spectral information.

(2) *e overall accuracy obtained by this method in
multiple iterations is high. According to the analysis
results, the layout optimization model is constructed
to realize the layout optimization of urban ecotone,
improve the overall accuracy and kappa coefficient,
and obtain a good layout effect.

(3) *e time coefficient obtained in the test process of
this method is low, which provides relevant infor-
mation for the layout optimization of urban ecotone,
reduces the optimization time, and improves the
efficiency of optimizing the layout of urban ecotone.

(4) *e average accuracy of remote sensing image seg-
mentation in this method is as high as 95.78%, and
the average time consumption of remote sensing
image segmentation in this method is 0.38 s, which
can reduce the time consumption of remote sensing
image segmentation on the basis of ensuring high
segmentation accuracy.

In the future research work, the research will focus on
the following two aspects:

(1) In the future, we can study the construction of deep
learning network automation. How to automatically
analyze and make decisions for remote sensing
image analysis tasks, build a deep learning network
suitable for the current task, and adaptively adjust
the network structure and network learning pa-
rameters is a very practical research work, which
provides a solid foundation for reducing the diffi-
culty of remote sensing image analysis and pro-
cessing tasks and improving the utilization rate and
value of remote sensing images in the future.

(2) How to jointly use multisource remote sensing data
to improve the classification effect of high score
remote sensing images is an important and difficult
problem at present. *erefore, based on the existing
research foundation, constructing a high spatial
resolution remote sensing data classification method

based on spectrum sharing has high research value
and application value.
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