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Abstract: It is signiﬁcant to adopt deep learning algorithms and higher-resolution remote sensing images in
mapping large-scale and high-precision of aeolian landform. In this study, the western part of Horqin Sandy
Land was taken as the study area. Based on the data
collected from 2,786 veriﬁcation points located in sandy
land and remote sensing images of high-spectral and
spatial resolution Sentinel-1, Sentinel-2, and GDEM (V3),
this article made a research on data of large-scale and
high-precision mapping classiﬁcation of this area between
2015 and 2020 by using convolutional neural network deep
learning algorithm. The results showed that the types of
aeolian sandy landform in the west of Horqin Sandy Land
mainly include longitudinal dune, ﬂat sandy land, mild
undulating sand land, nest-shaped land, parabolic dune,
barchan dune, and dune chain, with an area of 1735.62,
51.32, 251.38, 902.07, 49.57, and 101.63 km2. Among them,
longitudinal dune, barchan dune, and dune chain have
the largest area, while parabolic dunes and ﬂat sand
land are smaller. Between 2015 and 2020, the area of aeolian landforms was reduced by 89.27 km2 and transformed
into an oasis from a desert. This study adopted remote
sensing data by high-resolution Sentinel and GDEM (V3)
and convolutional neural network deep learning algorithm
to map the aeolian landforms eﬀectively. The precision of
aeolian landform classiﬁcation and Kappa coeﬃcient in
the western part of Horqin Sandy Land is as high as
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95.51% and 0.8961. Combined with Sentinel-1, Sentinel-2,
and GDEM (V3), the deep learning algorithm based on
the convolution neural network can timely and eﬀectively monitor the changes of sand dunes, which can
be used for large-scale aeolian landforms.
Keywords: deep learning, aeolian landform, remote sensing mapping, Horqin Sandy Land

1 Introduction
Sandy land refers to land covered with sand and less
vegetation. It is mainly located in the semi-humid and
semi-arid transition zone and is also the transition one
between grassland and desert [1,2]. The sandy ecosystem
is an essential part of the earth’s ecosystem, and the landscape change of the sandy ecosystem is an important
indicator that characterizes the global climate change
and the intensity of human activities [3]. Therefore, the
precise identiﬁcation of dune types and areas is of great
signiﬁcance [4]. Dong et al. [5] visually distinguished
various dunes on the surface of Mars based on the dune
classiﬁcation method invented by the French scholar,
Mainguet. However, due to current science and technology limitations, visual identiﬁcation is still the most
eﬀective method for identifying types of sandy landforms
on other planets. Besides, there are extensive and complex
types of aeolian landforms on the surface of the earth, so it
takes much energy and time to observe visually. Compared
with traditional manual survey methods requiring a long
cycle and high labor cost, remote sensing technology
can detect a wide range and rapidly acquire data. Therefore, most scholars use computer interpretation methods
and data collected by satellite remote sensing data, such
as supervised classiﬁcation, unsupervised classiﬁcation,
object-oriented classiﬁcation, and other methods [6,7].
In the recent years, convolutional neural network (CNN)
deep learning is considered an eﬃcient and accurate
deep learning method widely used in image recognition
This work is licensed under the Creative Commons Attribution 4.0
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and classiﬁcation research [8,10]. Timm and Mcgarigal
[11] used the random forest classiﬁcation algorithm to construct a remote sensing coverage map with a resolution of
1 m pixels based on the ﬁne dunes of the Cape Cod
National Coast in the United States. The accuracy of
coastal dunes drawing was 75.1%, and the classiﬁcation
was mainly concentrated on similar overlapping dunes. By
using decision tree methods to extract land types such as
cultivated land, shrubland, and woodland, Wu et al. analyzed the changes in land utilization in Horqin Sandy Land
based on Landsat TM/OLI remote sensing images over the
past 30 years, and the accuracy of the extraction and classiﬁcation results have reached more than 88% [12]. Zhao
et al. made a study on crop classiﬁcation using deep learning
models such as N-dimensional convolutional neural
networks, recurrent neural networks, long- and shortterm memory RNNs, and gated recurrent unit RNNs
[13]. In this study, Zhao et al. demonstrated the background and signiﬁcance of using deep learning methods
and related advantages, challenges, and limitation of
existing solutions. However, previous studies have mainly
focused on remote sensing classiﬁcation of sandy landscape types and vegetation community identiﬁcation,
and there are few studies on remote sensing identiﬁcation of large-scale sandy landform types [14–17].
Therefore, in this article, the western part of Horqin
Sandy Land was taken as the study area. Based on the data
collected from 2,786 veriﬁcation points located in sandy
land and remote sensing images of high-spectral and spatial resolution Sentinel-1, Sentinel-2, and GDEM (V3), this
article made a research on data of large-scale and highprecision mapping classiﬁcation of this area between 2015
and 2020 by using convolutional neural network deep
learning algorithm. Based on the application of deep
learning in remote sensing classiﬁcation of sandy aeolian

Figure 1: Location of study area.
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landforms, the research results can provide data support
for remote sensing monitoring of desertiﬁcation and provide a case reference for large-scale and high-precision
remote sensing classiﬁcation and mapping of sandy aeolian landforms in other regions.

2 Data and methods
2.1 Overview of the study area
The western part of Horqin Sandy Land (118°31′40″E–120°45′
10″E, 42°39′29″N–43°24′44″N) is located in Wengniute
Banner, Inner Mongolia Autonomous Region, with a
total area of 5788.63 km2 (Figure 1). The terrain is high
in the west and low in the east, and the elevation is
between 284 and 909 m. The study area is located in a
temperate semi-arid continental climate zone with an
annual average temperature is 5.2–6.4°C with an annual
average precipitation of 300–400 mm. The precipitation
is mainly in summer. The average annual wind speed is
3.5 m/s, and the maximum wind speed is 21.7 m/s. The
frost-free period is from 140 to 150 days, and the water
heat and strong wind conditions have become the main
factors for the formation and development of sandy
land. The area lies between the Xar Moron River and
the Shaolang River. The soil type is mainly sandy soil.
The main vegetation is the large scale of grassland and
man-made forest including Ostryopsis davidiana decaisne
and Pinus tabuliformis carriere. Nowadays, thanks to the
national policies on the protection of grass, sand, tourism,
and other related industries, the desertiﬁcation condition
has been eﬀectively improved [18].
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2.2 Data source and processing

Table 2: Description of characteristic variables

Since the successful launch of the Sentinel binary star
system in 2014, its higher spectral and spatial resolution
image data have been widely used in ground object
recognition research in lake and wetland and mountain
vegetation [19,20]. Compared with Landsat series data, its
resolution has been signiﬁcantly improved. In this study,
it was merged with DEM data to signiﬁcantly improve the
accuracy of remote sensing classiﬁcation of sandy landforms [21,22].
Sentinel-1 radar images were downloaded from the
oﬃcial website of Google Earth Engine (https://earthengine.google.com), and the VV and VH backscattering
coeﬃcient raster images of the western Horqin Sandy
Land in 2015 and 2020 were obtained, respectively [23].
Sentinel-1 is an all-weather, all-weather radar imaging
system, including two satellites A and B. Sentinel-1 A
was successfully launched on April 3, 2014, and then,
Sentinel-1B was successfully launched on April 25, 2016.
The Sentinel-1C-band-based imaging system uses four
imaging modes (with a resolution of up to 5 m and a
width of 400 km) for observation. Sentinel-1 operates in
a near-polar sun-synchronous orbit. The revisit period of
one satellite is 12 days, and observations of two satellites
complement each other, and the revisit period is 6 days.
The Sentinel-2 multispectral high-resolution remote sensing image (Table 1) was downloaded from the ESA data
website (https://glovis.usgs.gov). The Sentinel-2 high-resolution multispectral imaging satellite is divided into two
satellites, 2A and 2B. 2A was launched by the “Vega” carrier rocket on June 23, 2015, and 2B was launched by the
“Vega” carrier rocket on March 7, 2017. The Sentinel-2
satellite carries a multispectral imager (MSI) with 13 spectral bands. The spatial resolution of bands 2, 3, 4, and 8 is
10 m, and the spatial resolution of bands 5, 6, 7, 8A, 11,
and 12 is 20 m. The band 1, 9, and 10 is 60 m, and the
revisit period of one satellite is 10 days. The observations of two satellites complement each other, which
can form a revisit period of less than 5 days for terrestrial

Feature name

Feature description

VV polarization backscattering
coeﬃcient
VH polarization backscattering
coeﬃcient
Digital elevation model
Sentinel-2 spectral band

VV

NDVI
DVI
RVI
SAVI
NDWI
MNDWI
Mean
Variance
Maximum probability
Entropy
Uniformity
Correlation
Dissimilarity
Contrast
Angle second pitch

VH
DEM
B2, B3, B4, B5, B6, B7, B8, B8a,
B11, B12
Normalized diﬀerence
vegetation index
Diﬀerence vegetation index
Ratio vegetation index
Soil-adjusted vegetation
index
Normalized diﬀerence water
index
Modiﬁed normalized
diﬀerence water index
Mean
Variance
Maximum probability
Entropy
Homogeneity
Correlation
Dissimilarity
Contrast
Angular second moment

monitoring. The Sentinel image was calibrated based
on atmospheric, terrain, and super-resolution fusion by
using oﬃcial processing software SNAP (V8.0) of ESA,
and the data cropping, mosaic, and convolutional neural
network deep learning classiﬁcation were completed with
ENVI (V5.6) [24]. GDEM (V3) data were downloaded from
Geospatial Data Cloud (http://www.gscloud.cn/search) [25].
Based on Sentinel and GDEM (V3) remote sensing images,
Sentinel-1VV, VH polarization backscattering coeﬃcients,
DEM and Sentinel-2 spectra, vegetation, water bodies, and
textures were extracted (Table 2). The study acquired
2,786 survey samples through Google Earth observations and ﬁeld surveys in October 2020, including

Table 1: Sentinel-2 image data download information
Date

Path

UTM

Center longitude

Center latitude

Cloudiness (%)

Size (MB)

2015-11-12
2015-11-12
2015-11-12
2020-10-16
2020-10-16
2020-10-16

32
32
32
32
32
32

50N
50N
50N
50N
50N
50N

120°09′49.21″E
118°53′44.04″E
120°07′02.61″E
120°09′49.21″E
118°53′44.04″E
120°07′02.61″E

43°42′55.15″N
42°50′34.05″N
42°48′57.70″N
43°42′55.15″N
42°50′34.05″N
42°48′57.70″N

0
1.0669
0
0
0
0

633.04
689.29
776.75
792.10
814.18
817.02
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information about types of sand dune landform, latitude
and longitude (error < 5 m), vegetation and corresponding photos, 464 longitudinal dunes, 342 ﬂat sand
lands, 440 nest-shaped dunes, 466 mild undulating
sand lands, 230 parabolic dunes, and 724 barchan
dune and dune chains, which are randomly allocated
as training samples and veriﬁcation points in a 6:4
ratio.

3 Research methods
3.1 Technical process for classiﬁcation of
sand dune landform types
Based on high-resolution Sentinel-1 and Sentinel-2, GDEM
(V3) remote sensing images and veriﬁcation point data
of 2,768 aeolian landform ﬁelds collected from 2015 to
2020 (Figure 2), this article calibrated the atmosphere
and terrain images and obtained waveband characteristics
including radar, DEM, visible light, red edge, vegetation
index, water index, and texture [26]; by using convolution
neural network deep learning algorithm, this article
mapped remote sensing classiﬁcation of aeolian sand
landform in the west of Horqin Sandy Land; the classiﬁcation results are calibrated by wind direction, vegetation, terrain, and other factors, and the veriﬁcation
points were used for accuracy veriﬁcation, and the evolution map of the aeolian landforms in the west of the
Horqin Sandy Land from 2015 to 2020 is obtained, and
the deep learning and high-resolution remote sensing of
the aeolian sandy landforms in the west of the Horqin
Sandy Land are discussed. The advantages of images
combined with information recognition and the evolution process of sandy land.

Figure 2: Flow chart.
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3.2 Convolutional neural network algorithm
CNN is a deep learning neural network designed for processing high-dimensional grid data [27]. It can start
directly from the original pixels and recognize the laws
of vision with little preprocessing. The most signiﬁcant
diﬀerence between CNN and other deep learning models
is that it has the characteristics of shared weights and
sparse connectivity. Shared weight can signiﬁcantly reduce
the number of parameters. Sparse connectivity structure can
simplify the network calculation and eﬀectively extract primary visual features and spatial information such as directional line segments, inﬂection points, and endpoints. Compared with classic neural networks, CNN has multiple
convolutional layers and pooling layers for calculation [28].
The convolutional layer is composed of multiple convolution kernels, which are used to calculate diﬀerent
feature maps. Each neuron of the feature map is connected to the area of the adjacent neuron in the previous
layer. Such adjacent neurons are called receptive ﬁelds of
neurons in the previous layer. A new feature map will be
obtained by convolving and learning the feature map of
the ﬁrst layer and by applying the nonlinear activation
function to the convolution result. In convolution processing, to generate each feature map, the convolution
kernel is shared by all spatial positions of the input.
The complete feature map is calculated by all the convolution kernels. The formula is expressed as follows:

Y = X (a1 × b1 + a2 × b2 + ⋯ + an × bn + c ) ,

(1)

where Y is the output image pixel matrix, X (…×…) is the
nonlinear function, a is the weight matrix, b is the input
image pixel matrix, n is the number of bands, and c is the
oﬀset matrix.
The pooling layer, also known as the downsampling
layer or subsampling layer, is another core structural
layer of CNN. By sampling the space of each dimension
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of the input data, the data scale can be further reduced,
the local linear transformation is invariable with the
input data, and the generalization processing of the network is enhanced. Each feature map of the pooling layer
is connected to the corresponding feature map at the
previous convolutional layer. After multiple convolutions
and pooling, the dimensionality of the input features has
been reduced to the point where the feed-forward network can be used directly for processing. At the fully
connected layer, the feature maps of all two-dimensional
images are spliced into one dimension as fully connected
input. Each neuron in the fully connected layer is connected to the neuron at the previous layer, but the neurons at the same layer are not connected.
The U-net deep learning model has the advantages
of the fast training speed, small training data demand,
and maximum ﬁdelity and restoration of original image
information. The U-net model under the tensor ﬂow
framework is used for deep learning of image features
of multiscale object-oriented segmentation. The model
follows a typical convolution neural network structure,
which forms a symmetrical structure of “shrinking” and
“expanding” through multiple convolutions, downsampling, and upsampling can construct high-level feature
learningand feature training library. The image is convolved with a 3 × 3 convolution kernel and a modiﬁed
linear unit activation function, and the downsampling
and upsampling are completed, respectively, by the 2 × 2
maximum pooling and matrix cascade methods. At the
same time, the convergence speed of the model is controlled by setting the learning rate and dropout to prevent overﬁtting.

3.3 Accuracy veriﬁcation
Considering the complexity of the land type in the study
area, combined with the veriﬁcation sample data to make
a 64 × 64 pixel size image to form a labeled data set,
including three parts: training data set, veriﬁcation data
set and test data set. Among them, the training data set is
used to train the U-net deep learning network. The veriﬁcation data set is used to verify and debug the U-net deep
learning network. After the debugging of the U-net deep
learning network is completed, the U-net deep learning
model is generated, and then, the test data set is used to
test the model and evaluate its running results.
By means of confusion matrix, the overall classiﬁcation
accuracy, Kappa coeﬃcient, mapping accuracy, and user

accuracy of the classiﬁcation results are obtained. By comparing extracted category attributes of the corresponding
position in the classiﬁcation with each test pixel’s position
and category attributes, the accuracy of classiﬁcation results
is obtained and evaluated [29]. The formula for overall accuracy (OA) and Kappa coeﬃcient is given as follows:

OA =

Tp + Tn
Tp + Fn + Fp + Tn

,

(2)

where Tp is a positive sample that the model correctly
classiﬁes, Tn is a negative sample correctly classiﬁed by
the model, Fp is a negative sample that the model incorrectly classiﬁes, and Fn is a positive sample incorrectly
classiﬁed by the model.

Kappa =

Pe =

Po − Pe
,
1 − Pe

a1 × b1 + a2 × b2 + ⋯ ax × bx
,
n×n

(3)
(4)

where Po is the overall classiﬁcation accuracy, a is the
number of actual samples for each category, b is the
number of samples predicted by each category, x is
the total number of categories, and n is the total number
of samples.

4 Results and analysis
4.1 Spatial distribution of aeolian sand
landform types
The aeolian sandy landform in the west of Horqin Sandy
Land mainly includes longitudinal dune, ﬂat sand land,
mild undulating sand land, nest-shaped dune, parabolic
dune, crescent dune, barchan dune, and dune chain.
There are six types of sand dune landform distributed
alternately and relative to each other (Figures 3 and 4).
The longitudinal dunes are mainly distributed in the middle
of the study area, with the largest area of 1735.62 km2
among these six types of sandy dune landform (Table 3);
the nest-shaped dunes and barchans dune and dune chains
are mainly distributed around the longitudinal dunes, with
an area of 902.07 and 110.63 km2, respectively; ﬂat sand
land and parabolic dunes are mainly distributed in the
west and south of the study area, with an area of 51.32
and 49.57 km2, respectively; mild undulating sand land is
mainly distributed in the northeast of the study area, with
an area of 251.38 km2.

High-precision remote sensing mapping of aeolian sand landforms
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Figure 3: Spatial distribution of each aeolian landform type in
western Horqin Sandy Land in 2015.

Figure 5: Sankey diagram of the conversation for each class type in
the study area.

concentrated in the central, southern, and southwestern
parts of the study area. In the same period, the area
of mild undulating sand land, longitudinal dune, and
barchans dune decreased by 8.97 200.14, and 148.51 km2,
respectively. The reduced areas are mainly distributed in
the northeast, middle, and west of the study area.

Figure 4: Spatial distribution of each aeolian landform type in
western Horqin Sandy Land in 2020.

Table 3: Classiﬁcation and area statistics of aeolian sand
types (km2)
Type

2015

2020

Mild undulating sand land
Nest-shaped dune
Parabolic dune
Flat sand land
Longitudinal dune
Barchan dune and dune chain

260.35
668.73
31.31
34.57
1935.76
1250.14

251.38
902.07
49.57
51.32
1735.62
1101.63

4.2 Dynamic evolution of aeolian sand
landform types
The aeolian sandy landforms in Horqin Sandy Land are
still in the process of continuous evolution. From 2015 to
2020, the areas of nest-shaped dunes, parabolic dunes, and
ﬂat sand land increased by 233.34, 18.26, and 16.75 km2,
respectively (Figure 5). The increased areas are mainly

4.3 Accuracy evaluation of classiﬁcation of
aeolian sand landform
With the help of the confusion matrix, the overall classiﬁcation accuracy, Kappa coeﬃcient, mapping accuracy, and
user accuracy of the classiﬁcation results are obtained, and
the classiﬁcation accuracy is calculated by checking the
position of each test pixel and comparing the classiﬁcation
with the classiﬁcation of the corresponding position in the
classiﬁcation image. The accuracy of the classiﬁcation
results is evaluated [30].
Based on the sample data of 1,114 ground survey
veriﬁcation points, a confusion matrix analysis was performed on the deep learning remote sensing classiﬁcation
results of the aeolian sand landform types in the western
Horqin Sandy Land (Table 4). The results show that the
eﬀect of CNN deep learning on aeolian landforms has a
signiﬁcant eﬀect on remote sensing classiﬁcation. The
accuracy and Kappa coeﬃcient are as high as 95.51%
and 0.8961, respectively. The mapping accuracy and
user accuracy of each dune landform type are above
90%, including barchan dune and dune chain, parabolic
dune, and longitudinal dune. The mapping accuracy of
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sand dunes and sand ridges are 97.58, 96.29, and 95.33%.
The user accuracy of barchan dune and dune chain, mild
undulating sand land, and longitudinal dune are 96.79,
96.24, and 95.49%, respectively. Therefore, the CNN deep
learning algorithm combined with Sentinel high-resolution remote sensing images can signiﬁcantly improve the
remote sensing classiﬁcation accuracy of sandy landforms.

5 Discussion and conclusion
5.1 Discussion
The evolution process of sandy land is manifested as the
change of land surface landscape pattern, which can be
characterized by landscape index [31]. Li et al. [29]
believed that landscape fragmentation and spatial heterogeneity have a positive eﬀect on the desertiﬁcation
process. Li et al. [29] also proposed that the area of
mobile dune patches is positively correlated with the
degree of desertiﬁcation. The Horqin Sandy Land is characterized by a decrease in the total area of aeolian landforms and an increase in ﬁxed and semi-ﬁxed dunes
such as shrub-grass dunes, showing the development of
deserts in the direction of oasis, which is consistent with
the report by Yue et al. [32]. The Horqin sandy landscape
is in a dynamic balance under the interactive erosion of
wind and water and maintains its development stability.
Moisture is the ﬁrst dominant factor restricting the growth
and survival of plants, and it has an important impact on
the structure of the regional sand ﬂow ﬁeld and sand
transport [33]. In addition, the construction of reservoirs
in the upper reaches of the river, such as the Hongshan

Reservoir in the upper reaches of the Laoha River, reaches
in the Shanwanzi Reservoir, Gangouzi Reservoir, and Ulan
Besu Reservoir built in the middle and lower reaches of the
river will inevitably aﬀect the downstream runoﬀ and
change the water and sand conditions of the river. If the
ﬂow is reduced, the river bed is dry, and the broad ﬂoodplain is exposed, the river bank sand dunes can develop.
Surface water decreases, groundwater level drops, and
the groundwater level of yards and sand marshes will
also drop. Wet-loving plants will decrease and droughttolerant plants will increase. In particular, trees will die,
vegetation coverage will be less, sand dunes will be activated, and desertiﬁcation will be repeated and will continue to expand [34,35]. As a unique geographical unit, the
Horqin Sandy Land has an obvious trend of warming
and drying. Zhao et al. [36] also conﬁrmed this point in
the study of climate change in the Horqin Sandy Land.
Increasing temperature and increased evaporation will
lead to a decrease in water volume, degradation of vegetation, and increased desert activities [37], which plays an
important role in inhibiting the evolution of desertiﬁcation. At the same time, it should be pointed out that
short-term and high-intensity human activities can accelerate or delay the evolution of sand dunes on the surface.
Wang et al. [38] surveyed the Horqin area and showed that
due to human adjustment of land use structure, there
was a need for the implementation of measures such as
returning farmland to forests and grasses, restraining
overgrazing, and so on. The desertiﬁcation of the land in
this area has the reversed trend.
Based on Sentinel high-resolution remote sensing
images, this research applies the CNN deep learning algorithm to the remote sensing classiﬁcation of aeolian sand
landforms and also conducts veriﬁcation studies in the

Table 4: Confusion matrix of remote sensing classiﬁcation for deep learning of aeolian landform types
Type

Mild undulating
sand land

Nest-shaped
dune

Parabolic
dune

Flat
sand land

Longitudinal dune Barchan dune and
dune chain

Mild undulating
sand land
Nest-shaped dune
Parabolic dune
Flat sand land
Longitudinal dune
Barchan dune and dune
chain of dunes
Total
Drawing accuracy%
User accuracy%

179

1

0

1

1

2

3
1
0
2
1

168
1
1
3
2

1
87
1
2
1

1
1
91
0
3

1
3
2
254
4

0
0
2
2
241

92
96.29
94.57

97
94.85
93.81

266
95.33
95.49
Kappa: 0.8961

249
97.58
96.79

186
176
95.24
94.37
96.24
95.45
Overall accuracy: 95.51%

High-precision remote sensing mapping of aeolian sand landforms
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western part of Horqin Sandy Land. The mapping is accurate, indicating that it is feasible to be extended to the
research of remote sensing mapping of aeolian landform
types in other regions. Deep learning is currently the
most advanced method of remote sensing classiﬁcation
and is widely used. Compared with traditional supervised
classiﬁcation and object-oriented classiﬁcation, the accuracy is increased by 46% [28,39].
The construction of a deep learning model involves
multiple hyperparameters (such as the division ratio of
data used for training, veriﬁcation, and testing of the
model, the size of the labeled data set image, the size
of the convolution kernel, etc.), and the settings of the
model are diﬀerent, and the performance of the built
model is also diﬀerent [40,41]. In the experiment, the
hyperparameter setting of the deep learning model is
mainly selected based on the researcher’s experience,
which is highly subjective. Experts and scholars have
conducted eﬀective research on how to determine the
hyperparameters of deep learning models, but their study
objects are mostly on cultivated land and forests [42–44],
and the studies on the types of sandy landforms are
insuﬃcient. Therefore, an in-depth research is urgently
needed. Related research work to further improve the
accuracy of drawing. The deep learning method in this
article can be extended to the high-precision classiﬁcation of other sandy landforms in arid areas.

protection was remarkable, which shows a transformation of this area from a desert to an oasis.
The experimental scheme of CNN deep learning algorithm combined with Sentinel high-resolution remote sensing images used in remote sensing mapping of wind-sand
landforms can be applied to the remote sensing recognition of sand dune types in other areas. The focus of the
research is to explore the feasibility of the CNN deep
learning algorithm in the classiﬁcation of sandy landforms
and to test it in the western part of Horqin Sandy Land. The
experiment focuses on the optimization of image data
resolution and computer algorithms. There is still a large
space for exploration and application. The next step is to
optimize the deep learning parameters of convolution
neural networks, introduce long-term images, meteorology (wind direction, temperature, and precipitation),
and human activity factors, to carry out remote sensing
classiﬁcation, dynamic evolution, and driving factors of
long-time sandy landform types, and to extend it to other
decertiﬁed areas to conduct remote sensing classiﬁcation
and mapping experimental research to provide data support for remote sensing monitoring of desertiﬁcation.

6 Conclusion

Conﬂict of interest: Authors state no conﬂict of interest.

From the perspective of methodology, the remote sensing
classiﬁcation and mapping of sandy landforms based on
the CNN deep learning algorithm have a signiﬁcantly
positive eﬀect. In the remote sensing mapping of the aeolian sandy landform in western Horqin, the overall accuracy
and Kappa coeﬃcient are 95.51% and 0.8961, respectively.
This method can be extended to the research of remote
sensing mapping of aeolian landforms in other deserts.
The western part of Horqin Sandy Land has various
types of sandy landform, including longitudinal dune,
ﬂat sandy land, mild undulating sand land, nest-shape
land, parabolic dune, barchan dune, and dune chain,
with an area of 1,735.62, 51.32, 251.38, 902.07, 49.57,
and 1,101.63 km2, respectively. The longitudinal dune,
barchan dune, and dune chain area are relatively large,
but the parabolic dune and ﬂat sand land areas are relatively small. From 2015 to 2020, the area of sand dunes
decreased by 89.27 km2, and the eﬀectiveness of sand
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