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Abstract: The Yellow River Delta wetlands in China belong to the coastal wetland ecosystem, which is
one of the youngest and most characteristic wetlands in the world. The Yellow River Delta wetlands
are constantly changed by inland sediment and the influence of waves and storm surges, so the
accurate classification of the coastal wetlands in the Yellow River Delta is of great significance for the
rational utilization, development and protection of wetland resources. In this study, the Yellow River
Delta sentinel-2 multispectral data were processed by super-resolution synthesis, and the feature
bands were optimized. The optimal feature-band combination scheme was screened using the OIF
algorithm. A deep learning model attention mechanism ResNet based on feature optimization with
attention mechanism integration into the ResNet network is proposed. Compared with the classical
machine learning model, the AM_ResNet model can effectively improve the classification accuracy
of the wetlands in the Yellow River Delta. The overall accuracy was 94.61% with a Kappa of 0.93,
and they were improved by about 6.99% and 0.1, respectively, compared with the best-performing
Random Forest Classification in machine learning. The results show that the method can effectively
improve the classification accuracy of the wetlands in the Yellow River Delta.

Keywords: wetland classification; Yellow River Delta; band selection optimization; attention mecha-
nism; ResNet; deep learning

1. Introduction

Wetlands are transitional zones between terrestrial and aquatic systems where the
water table is usually at or near the surface or where the land is covered by shallow
water [1]. Healthy natural wetland ecosystems play an important role in China’s sustainable
development. The wetland area, though small in size compared to the total area, plays
a significant role in the ecosystem [2]. It is essential for maintaining the integrity of the
biological chain, protecting biodiversity, controlling climate change, conserving water, and
cleaning up the environment [3]. The wetlands of the Yellow River Delta are an important
ecosystem in China with extensive biodiversity and play an important role in ecological
sustainable development [4]. The uniqueness of this wetland area lies in its diversity of
wetland types and ecosystem functions, including a variety of interrelated components that
make it unique in terms of material supply capacity and function [5]. However, mounting
pressures threaten the delicate balance of this ecosystem. The escalation of industrial,
agricultural, and domestic water usage in the Yellow River Basin, coupled with the frequent
occurrence of extreme arid climates, has led to a reduction in the inbound water flow of the
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Yellow River, resulting in the degradation of certain wetlands [6]. Simultaneously, inland
sediment continues to accumulate in the estuary due to hydraulic transportation, fostering
the formation of new wetlands. Conversely, coastal erosion caused by waves and storm
surges exacerbates wetland loss, with the interaction of these factors contributing to the
continuous transformation of wetland landscapes. This poses a great challenge for the
conservation of wetland ecosystems [7]. The morphological evolution of the Yellow River
Delta is significantly influenced by climatic variations and anthropogenic alterations within
both the river basin and the deltaic region [8]. Therefore, understanding and monitoring the
classification and changes of the wetlands in the Yellow River Delta is crucial for protecting
this valuable resource, maintaining ecological balance, and responding to major challenges
such as climate change.

Remote sensing is a comprehensive earth observation technology [9]. Remote sens-
ing science can provide accurate, comprehensive, and repeatable active observation and
monitoring of large land areas [10]. Remote sensing technology can provide large-scale
and high-resolution geographic data, allowing us to quickly gather dynamic information
on wetland areas [11]. Remote sensing technology enables the systematic observation
and analysis of wetland evolution, facilitating the monitoring of changes in water bodies,
wetland vegetation, and land use dynamics. This information holds significant scientific
value and serves as a robust foundation for informed decision-making regarding wetland
protection and resource management [12].

In remote sensing image classification, utilizing spectral data in conjunction with
texture features can extract more information from the data and provide richer informa-
tion [13]. Xue and Liu [14] improved the classification accuracy of wetland marshes using
spectral and textural features and principal component analysis. Wu et al. [15] used data
fusion to effectively improve the quality of the data. Exponential bands and texture fea-
tures need special consideration in improving land use classification performance [16].
Hui et al. [17] enhanced the extraction of wetland information using feature optimization
methods. Meanwhile, most of the data with stable hydrological features and fewer clouds
were selected for classification. Zheng et al. [18] used Sentinel-2 data on 28 February 2017
for the performance evaluation of land use and land cover classification. Wang et al. [19]
used Landsat 8 imagery on 1 October 2012 for coastal wetland cover classification, and
the best classification results were obtained. Cui et al. [20] used the Landsat 8 image of
July 20, which has relatively stable hydrological features, for the classification of the Yellow
River Delta.

Traditional wetland extraction methods mainly use manual visual interpretation tech-
niques [21]. Traditional classification methods are often hindered by factors like image
resolution, noise, and occlusion, making accurate recognition and classification challenging.
Additionally, the wetlands in the Yellow River Delta exhibit both homogeneous and hetero-
geneous characteristics, further complicating the classification process. [22]. In recent years,
with the emergence of deep learning (DL) techniques, significant breakthroughs have been
made in RS image classification based on deep learning, providing new opportunities for
the research and development of RS image classification [23].

Deep learning technology is becoming increasingly important, and it has been proven
to be a breakthrough and extremely powerful tool in many fields [24]. DL provides signifi-
cant advantages in wetland classification in the Yellow River Delta through automation,
feature learning, large-scale data processing, spatio-temporal data processing, and higher
classification accuracy, which is expected to improve wetland monitoring and protection.
Mahdianpari et al. [25] used a deep convolutional neural network (CNN) classification
framework for wetland classification and obtained better classification accuracy than ran-
dom forests. Jamali and Mahdianpari [26] utilized the Swin Transformer for coastal wetland
classification, resulting in significantly improved accuracy. Jamali et al. [27] used CNN
combined with the 3D generative adversarial network for wetland classification with lim-
ited training data and obtained optimal results. Also, to speed up model training, many
algorithms use migration learning for pre-training [28]. Migration learning is a method
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of migrating labeled data or knowledge structures from related domains to accomplish or
improve the learning effect of the target domain or task. Due to the emergence of more and
more machine learning application scenarios, the application of migration learning in deep
learning is becoming more extensive [29].

Nevertheless, the predominant wetland classification methodologies employed in the
Yellow River Delta rely on machine learning techniques, which often incur high compu-
tational resource demands and exhibit sluggish performance improvements in achieving
accuracy. Additionally, when employing deep learning methodologies to handle large
datasets, the classification accuracy of Convolutional Neural Networks (CNNs) tends to
decline as network depth increases. In response to this challenge, He et al. [30] introduced
a pioneering residual learning framework called ResNet for image classification. This
innovative approach aims to streamline the training process of networks with greater depth
compared to conventional methodologies. Gulsan Alp et al. obtained the best training
accuracy using ResNet for land cover and land use classification [31]. Raoof Naushad et al.
obtained the best results using ResNet combined with transfer learning for land cover
classification [32].

Meanwhile, in order to make the network focus on local features, the introduction of
attention mechanisms in deep learning networks can make the limited attention focus on
the key information to save resources and obtain the most effective information quickly.
By introducing the attention mechanism, the neural network can automatically learn and
selectively focus on the important information in the input to improve the performance and
generalization ability of the model [33]. Attentional mechanisms have also been applied
to remote sensing. Duan et al. introduced a channel attention mechanism to improve
land classification accuracy [34]. Zhang et al. introduced a channel attention mechanism
in the network to improve the classification accuracy of high-resolution remote sensing
images [35].

In this study, we employed a feature preference scheme to select dataset images,
followed by processing the data through an enhanced ResNet network integrated with
an attention mechanism. This approach aimed to achieve a comprehensive classification
of wetlands within the Yellow River Delta. Subsequently, we conducted a comparative
analysis with existing methodologies to evaluate the effectiveness of our proposed method.
Finally, we discussed and interpreted the results, drawing meaningful conclusions.

2. Study Area and Data
2.1. Study Area

The Yellow River Delta is the area within China where the Yellow River enters the sea,
and is one of the largest deltas in China. Located at the confluence of fresh and salt water [2],
it is bordered by the Bohai Sea to the east, the Jiaodong Peninsula to the south, and the
Liaodong Peninsula to the north across the Bohai Sea. The climate is mild and belongs to
the temperate monsoon climate. It is relatively humid in the summer and dry in the winter,
with obvious seasonality. The Yellow River Delta Wetland is the most widely preserved,
perfect, and youngest wetland ecosystem in the warm temperate zone of China [36]. With
its unique geographic location and ecosystem, the Yellow River Delta wetland is one of the
few estuarine wetland ecosystems in the world. In this study, the selected study area is
118°34'~119°20'E and 37°35'~38°11'N. The study area is shown in Figure 1.
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Figure 1. Study Area (Note: The image is a true-color composite from Sentinel-2 (Red: Band 4, Green:
Band 3, Blue: Band 2).

2.2. Data Description
2.2.1. Sentinel-2 Data

Sentinel-2 is a wide and fine spatial resolution satellite imaging mission developed
by the European Space Agency (ESA) in the framework of the Copernicus program of the
European Union, primarily for terrestrial monitoring [37]. It carries a multispectral imager
(MSI) capable of acquiring images of vegetation, soil and water cover, inland waterways,
coastal areas, etc. Sentinel-2 combines high spatial resolution, a short replay period, and
a rich spectral spectrum [38]. Sentinel-2 data have high-resolution and multispectral
characteristics and can provide optical imaging with three bands in the red-edge range,
which is very effective for monitoring information on the health of vegetation. Satellite
data are widely used in areas such as land monitoring, disaster support, climate and
environmental monitoring, and ocean and polar monitoring [39]. In this study, we used
Sentinel-2 Level-2A level multispectral data on 29 October 2019 with low cloudiness, while
crops were harvested during this month with widely varying land characteristics and
distinctive features [20]. The levels and product descriptions of the Sentinel data are shown
in Table 1, and all the spectral bands of Sentinel-2 are shown in Table 2.

Table 1. Levels and product descriptions of sentinel data.

Product Level Product Introduction
Level-0 Raw data
Level-1A Geometric coarse correction products containing metainformation

Radiance product, embedded in a GCP-optimized geometric model but

Level-1B without the corresponding geometric corrections

Level-1C Atmospheric apparent reflectance products after orthorectification and
sub-image-level geometric refinement corrections

Level-2A Contains primarily atmospherically corrected

bottom-of-the-atmosphere reflectance data

In this work, four views of L2A-level data from Sentinel-2A on October 29 are selected,
with less than 1% cloud cover, and the data have been atmospherically corrected.
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Table 2. Spectral Bands of Sentinel-2.
Sentinel-2A Sentinel-2B .
Sensor Band Band Name Central Bandwidth Central Bandwidth Resolution
Number Wavelength (nm) (nm) Wavelength (nm) (nm) (Meters)
1 Coastal aerosol 4439 20 4423 20 60
2 Blue 496.6 65 492.1 65 10
3 Green 560.0 35 559 35 10
4 Red 664.5 30 665 30 10
5 Vegetation Red Edge 703.9 15 703.8 15 20
6 Vegetation Red Edge 740.2 15 739.1 15 20
MSI 7 Vegetation Red Edge 782.5 20 779.7 20 20
8 NIR 835.1 115 833 115 10
8b Narrow NIR 864.8 20 864 20 20
9 Water vapor 945.0 20 943.2 20 60
10 SWIR-Cirrus 1373.5 30 1376.9 30 60
11 SWIR 1613.7 90 1610.4 90 20
12 SWIR 2202.4 180 2185.7 180 20

2.2.2. Wetland Classification System

The classification criteria and system of this study were based on the specific situation
of wetland distribution in the study area of the Yellow River Delta. First, referring to the
Convention on Wetlands of International Importance, especially the Waterfowl Habitat
(referred to as the Convention on Wetlands, also known as the Ramsar Convention), and
also using the national standard of China’s wetland classification [40] as the main reference
criterion, the following criteria for wetland classification were formulated, as shown in
Table 3. Since the physical characteristics of the Yellow River Delta are affected by human
factors, the wetlands are divided into three major parts: natural wetlands that are not
affected by human beings, artificial wetlands that are affected by human factors, and non-
wetlands. The natural wetlands include shrub swamps, herbaceous swamps, rivers and
mudflats, the artificial wetlands include reservoirs and salt flats, and the non-wetlands
include building land, agricultural land, offshore waters, and other land.

Table 3. Wetland Classification System—Legends and Explanations.

First Level Classification Secoqc! Leyel Identification and Map Legend Classification Diagram
Classification Color
SS
Shrub swamps Dark green
HS
Herbaceous swamp Light green
Natural wetlands
. RV
Rivers Purple
Mudflat MEF

Light yellow
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Table 3. Cont.

Second Level Identification and Map

First Level Classification Classification Color Legend Classification Diagram
. RE
reservoir and pond Light blue
Artificial wetland
Salt pan Sp
orange
. CL
Construction land Red
Farmland FA
Brown
Non-wetland
SW
Shallow water Light blue
OL
Other land use White

The training and validation sample sets were partly derived from the China Wet-
land Marsh Classification and Distribution dataset Geo-Ecology Network (www.gisrs.cn/,
accessed on 29 October 2019); the data of the Field Scientific Observatory of Wetland Ecosys-
tems in the Yellow River Estuary and the China Wetland Distribution [41] dataset were
referenced. On the basis of the above datasets, visual interpretation using Google Earth
was used for further validation and analysis, and the classification results were calibrated
and corrected by combining with a large number of field survey sample points. The test set
is randomly sampled, and the dataset has a total of 12,866,085 pixels. The proportions of
the training set and test set are 20% and 80%, respectively. Figure 2 shows the true value
images of the samples.
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Figure 2. Training sample set.

3. Methodology

The research flow of this study is shown in Figure 3, where the data preprocessing
is performed first and the dataset is subjected to further feature optimization after the
data preprocessing. Initially, the processed dataset comprises three main components:
12 spectral waveform data, 10 texture waveform data, and 8 exponential waveform data.
The Random Forest Algorithm is employed to assess the significance of 18 waveforms,
excluding the spectral waveforms, resulting in an importance ranking from which bands
with high importance are retained. Subsequently, band combination is performed to
compute scores for various band combinations using the Orthogonalized Information
Fusion (OIF) approach. The three bands with the highest scores are selected for extraction
via Principal Component Analysis (PCA) to derive texture features. The final dataset
consists of 4 exponential bands, 12 spectral bands, and 10 texture features, which are
integrated into waveforms, yielding a total of 26 bands. These data are then fed into
an Attentional Mechanism coupled with ResNet for experimentation, and the results are
compared with those obtained using Random Forest (RF) and ResNet series networks. The
experimental methodology is elucidated in the Section 3, while the experimental findings
are discussed in the Section 4.

3.1. Data Preprocessing

We have performed data processing on Sentinel 2 L2A class data images with less than
1% cloud cover. Firstly, the data are synthesized with super-resolution to obtain data with a
resolution much higher than that of the original image. Further, we extract the exponential
band of the super-resolution synthesized image. It is also subjected to principal component
analysis (PCA) to extract important information from the image. Then, we extract texture
features from the data obtained by PCA. Finally, the extracted exponential band and texture
feature information are band-fused to facilitate subsequent processing. The flow of the data
processing process is shown in Figure 4.



Remote Sens. 2024, 16, 1860 8 of 22

Preprocessing data

e oo ——————— Voo !

| I ;
l Sentinel-2 Level- | R F fﬁtl“_e_sfl_eftio_n ____________________ |
| 2Adata with cloud | : r i
| % ! - 1
i cover less than 1% | i 12 spectral 10 texture feature 8 exponential :I
i | i 1| characteristic bands bands characteristic bands :l
————————————————————— L
| : Feature Band Extraction | | [ S R [ :I
| y 1 H | | I
1 .
I Super-Resolution ! Exponential band Co i e , !
Synthesis I extraction i I : ! RF Materiality analysis il
I ! I | | ¥ ¥ H
. 1 | | . !
! : L ! 1| 10 texture feature MNDWIL NDVI, | 1]
| ! L [ i bands BI2, S2REP X
y | 1 1.
| — | | ! Y '
| Principal . — Texture fe;ature H l | Optimal band combination I
i Component Analysis i extraction . I :
! 1 . |
| : Pl i
I B R TR v | v I
| [ Band fusion ! [ NDVI, MNDWI, |
I o SRB11 |
| | Feature selection l—‘— | . . |
: | I Principal Component Analysis I
L | v |
! 10 texture feature 4 |
| bands i
b i ............... —
| Data set |
| Input |
P [ ! P ! l
nEniinininiinininiinininininin
: | : | : |
I allol: | o) al: | al lal: A
2| glIElD L1 ARERR <| 12| |2
N =1 A Y e S = 0 O O S =1 O A A A =T A M A
R e < < < =
Al 5 [ > XX !:t><'><<—><~| f><—;<—§‘| >l HE A
g RS w w | ! =z w w | ! S ™ W K4 8 E a9
i 212! Slols]! i 212! 2
! =N | ! 3 @ | ! i
| : | : I !
el R B e B R B B I
Lo L L _'

Figure 3. Feature selection flowchart.
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Figure 4. Data processing flowchart.

3.1.1. Super-Resolution Synthesis

Owing to the different resolution of the Sentinel-2 bands, resampling operations are
performed first before processing the data, but this is not necessarily the best method of
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operation. The 60-meter spatial resolution of the Sentinel-2 imaging data can be changed to
a finer spatial resolution, enabling more information to be extracted from the observational
data [42]. If we directly resample the 60 m data to 10 m and change the original 1 raster
to 36 raster data, there must be quite a lot of bias. Moreover, other optical images provide
panchromatic images that can be fused with multispectral bands to improve resolution.
However, Sentinel-2 imagery does not have panchromatic bands, so this idea could not be
realized. Xinya Wang et al. [43] use a combination of super-resolution and deep learning
for feature classification, urban change detection, and ecosystem monitoring. Sentinel-2 can
use Sen2Res to achieve super-resolution synthesis in the 20 m and 60 m bands, synthesized
into the 10 m band, with synthesis results that are substantially better than resampling
results. In this resolution enhancement method, starting from the highest resolution bands,
band-dependent information is separated from information that is common to all bands.
This model is then applied to unmix low-resolution bands, preserving their reflectance,
while propagating band-independent information to preserve the sub-pixel details. This
approach has been integrated into the processing plug-in for Sentinel data [44]. Figure 5 is
a comparison of the Bl band of the original 60 m of spectral data.

Original B1 image Super Resolution Bl Composite Image

Figure 5. Comparison between the original B1 band and the super-resolution composite band.

3.1.2. Feature Band Extraction

The feature information extracted from remote sensing images generally contains
spectral bands, spectral indices, texture features, geometric features, etc. [13]. Vegetation
and water body indices were first extracted, and the vegetation indices (VIs) described
the remotely sensed vegetation characteristics [45]. The water body index is expressed as
a significant increase in the contrast between the water body and the building, which is
conducive to the accurate extraction of information about the water body [46]. Remote
Sensing Ecological Index (RSEI) is a technique based on remote sensing technology to
construct and enhance spectral characteristics through the combination of different bands
of visible and infrared bands of satellite multispectral imagery to reflect the characteristics of
a certain feature. Generally speaking, remote sensing indices are used to help differentiate
between different features, such as feature identification and classification, and different
features also have corresponding indices with distinctive characteristics, which can be
used as a basis for differentiation. Due to different construction principles, the feature
extraction effect of different remote sensing indices for the same kind of features may be
different. Therefore, choosing the appropriate remote sensing index according to the change
in application scenarios is conducive to improving the accuracy of feature extraction [47]. In
this study, indices related to vegetation, soil, and water bodies are extracted. Additionally,
more prominent feature indices help with further processing and analysis. Using PCA
(Principal Component Analysis), more effective comprehensive indices can be obtained.
Finally, texture features are extracted. Texture is a combination of complex visual entities
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or sub-patterns, characterized by brightness, color, steepness, size, etc. Hence, texture can
be considered a combination of similar sub-images [48]. Textures are generally categorized
into two types: structural texture (a deterministic process) and statistical texture (a random
process). Li et al. [40] described texture characteristics using features like homogeneity,
density, roughness, regularity, linearity, directionality, frequency, phase, etc.

In this study, based on the characteristics of the Yellow River Delta study area, feature
bands such as soil index, vegetation/water index, spectral features, K-T variation, and
texture features were mainly extracted, and finally, 12 spectral feature bands, 8 index bands,
and 10 texture feature bands, totaling 30 bands, were obtained as the initial dataset. Table 4
shows the classes, names and expressions of the extracted bands.

Table 4. Categories, names, and expressions of the extracted bands.

Feature Category Feature Name Feature Expression
Blue (B2), green (B3), red (B4), near-infrared (B8), red end (B5),
Spectral characteristics Band near-infrared NIR (B6, B7, and B8A), shortwave infrared SWIR (B11
and B12), coastal atmospheric aerosols (B1), and cirrus bands (B10)
Rm‘r*Rre
NDVI [49] RRttir+R cZ
MNDWI Ropen TR
R reen_RniV
Vegetation/Water Index NDWI m
REPI REP = 705 + 35 x (0.5 x (B4 + B7) — Bs)/Bg — Bs
DVI [50] Rm'rR_ Ryed
RVI R
BI Ryea = Ruir
soil index ﬁre.di'llgn)i;
SAVT Roir+ Ry 106
. 0.3029Rpjye + 0.2786Rgreen + 0.4733R g + 0.5599R i +
Brightness 0.5080R..,; + 0.1872R 011
—0.2941Rppye — 0.2430Rgreen + 0.5424Roq + 0.7276 R —
Tasseled Cap Greenness 0.7170R ) — 0.1680R iy
0.1511Rpjye + 0.1973Rgreen + 0.3283R eq + 0.3407R 5, —
Wetness 0.7117R cir — 0.4559R v
GLGM_Variance Variance = qumt" unamk p(i,j)x(i— Mean)2
GLGM_Contrast Contrast = unantk ununtk ( ) (1 — ])2
GLGM_Entropy Entropy = unantk qumk p(i,j)xIn p(i, ) i
GLGM_Correlation Correlation — ungntk L%::;mtk q(u anI;/Iean) vg]nal\rilcegn)lx p(ij)
GLGM_H, it k k
Texture Features —Homogenetty Homogeneity =}, t i~ , pli,j) 1+ (i)
uan uan 2
GLGM_ASM ASM =y " 0" I o ' Plirj)
GLGM_Mean Mean = 2‘7“‘”’ k qu “p(i,f)xi
GLGM_Dissmilarity Dissmilarity = Zq““’”k Zq“"’”k p(i, ) ’i - j‘
GLGM_Energy Energy ununtk ununtk ( )2
GLGM_Max Max = max;; ( i,])

3.2. Feature Extraction and Combination Scheme
3.2.1. Band Importance Analysis

In this study, the multispectral data of remote sensing images, vegetation index,
vegetation red edge location index, water body index, soil brightness index, and texture
features were selected to construct the dataset according to the characteristics of the study
area. The next experiment was conducted using the random forest algorithm, which has
a wide range of applications in the field of remote sensing image processing. RF has a
small sample size, complex interactions, and correlation [51]. In addition, feature selection
can be conducted based on its feature importance metrics [52]. This study uses 70% of the
sample data as the training set and 30% of the data as the test set. After experiments, it
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was determined that the error of the decision tree tends to stabilize at greater than 120,
so the number of generated decision trees was chosen to be 120. Putting all the bands in
the dataset into the Random Forest Algorithm (RF) for band importance ranking, after
removing the spectral bands. The resulting ranking is shown in Figure 6.

Importance order

10
8
6
: IIII
2
\4\&@«««\ & RN A
éQ N <°Q "%@ & & S & $$‘9 RS
S ’*@\@ N S 0° & &
RO VO s
N 9(3’@ SN o N
& RS
(O ©

Figure 6. Band importance ranking.

We can conclude that the textural features are all at the forefront of importance, so
all of them are retained, Otherwise, MNDWI, NDVI, BI2, and S2REP are retained in the
exponential band.

3.2.2. Combination Scheme

The spectral characteristics carried and reflected by different bands are different, so
the reflection of ground information by different remote sensing bands is also different.
The principle of remote sensing band selection is to judge how to go about it based on the
amount of information content of the band combination, the strength of the correlation
between the bands, and the spectral response characteristics of the features to be identified
in the study area. The best bands and their combinations need to meet the requirements of
high information content, low correlation, large spectral differences of features, and good
separability. When we use remote sensing technology for correlation analysis, we often have
to select the best combination according to some methods to achieve the purpose of image
interpretation. OIF can be used to select the optimal band combination [30]. Zhao et al.
used OIF to improve crop category recognition accuracy [53]. Acharya et al. used OIF to
improve land cover classification accuracy [54]. OIF is a method for determining a three-
band combination that maximizes variability in a given multispectral scene [55]. Currently,
the most commonly used method for optimal banding combinations is the optimal banding

method, OIF.
O =30 {Si/Y.) IRyl | (1)

The Optimum Index Factor (OIF) is calculated using the formula, where S; is the
standard deviation of the i*" band, and Rjj is the correlation coefficient between bands
i and j. For n-band images, we first calculate their standard deviation and correlation
coefficient matrices. Then, the OIF indices corresponding to all possible band combinations
are derived separately, and the strengths and weaknesses of various band combinations
are judged based on the size of this index. The larger the OIF, the more information the
corresponding combination of images contains. The OIF index was eventually sorted from
largest to smallest, with the wave portfolio with the largest OIF index being the best.

We performed an OIF band combination of texture features, spectral data, and index
data. Through calculation, we learned that the super-resolution spectral data SRB11,
MNDWI, and NDVI were the preferred combinations. We extracted the texture information



Remote Sens. 2024, 16, 1860

12 of 22

of these three bands for band fusion and finally obtained 26 bands of data, including the
NDVI vegetation index, MNDWI water index, REPI vegetation red edge position index, BI
soil brightness index, 10 texture feature bands, and 12 spectral bands. These 26 bands were
selected as the final dataset to be input into the model for classification in the next step.

3.3. Attention Mechanism Combined with ResNet Network

In this study, a deep learning network that integrates the attention mechanism with
both ResNet-34 and ResNet-50 architectures was employed, and images were inputted
into this model for experimental analysis. We utilized a dataset comprising 26 selected
bands for further feature processing. Initially, Principal Component Analysis (PCA) is used
to obtain three channels of data input, then the input images are directly downsampled
by 7 x 7 convolution, and then a BN (Batch Normalization) layer is used to solve the
network degradation problem, speeding up the network and improving the recognition
accuracy. Subsequently, the feature map underwent maximum pooling and was passed
through a Convolutional Block Attention Module (CBAM) before entering the ResNet
block. Finally, the image was outputted through average pooling and a fully connected
layer. The structural depiction of the model is illustrated in Figure 7.

AM
Basic Block

1x1, conv BN

2564d

Basic Block

1x1, conv BN

) 4 256-d

_______J )

Figure 7. Data processing flowchart in the AM_ResNet Network.

3.3.1. ResNet Network

In the process of performing deep neural network training, the accuracy of the model
saturates or even decreases as the deep neural network training gets deeper and deeper [56],
mainly due to the disappearance of the gradient, which makes it difficult for the model to
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converge. The ResNet network allows the network not to directly fit the objective function

H(x), but to fit its residual F(x) = H(x) — x. The structure of residual learning is shown
in Figure 8.

|

Weight layer

F(x) relu X

identity

Weight layer

¢

{' relu

F (x) +x

Figure 8. Residual unit.
The residual unit can be expressed as follows:

X141 = x; + F(x;, W) 2)

3.3.2. Attention Mechanism

Attention Mechanism is an approach that mimics the human visual and cognitive
systems, which allows the neural network to focus on the relevant parts of the input data
as it is processed [57]. The neural network can automatically learn and selectively focus on
the important information in the input by introducing an attention mechanism, improving
the performance and generalization of the model [58].

This study utilized both channel attention mechanisms and spatial attention mecha-
nisms. First, describe the global average pooling and maximum pooling of two 1 x 1 x C
channels in a space. Then, they are fed into a two-layer neural network, and the two fea-
tures are added together. Finally, the weight coefficient Mc is obtained through the sigmoid
activation function [59]. Multiplying the weight coefficient with the original feature F yields
the scaled new feature. The channel attention structure is shown in Figure 9.

Mc(F) = o(MLP(AvgPool(F)) + MLP(MaxPool(F))) = o(Wy(Wo(FS,.)) + (Wi (Wo(ESax)))

avg

Maxpool »

o )
V

Maxpool

Channel
attention

Sigmoid
Input

feature

(7
Sl |
Figure 9. Channel attention structures.

Introducing a spatial attention module after the channel attention module to focus
on which features are meaningful [60]. After average pooling and maximum pooling in a
channel dimension, a weight coefficient Ms is obtained through a 7 x 7 convolutional layer.
The structure of spatial attention is shown in Figure 10
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Channel
-refined

Sigmoid

[Maxpool,Avgpool]  7<7conv Spatial attention
Figure 10. Spatial attention structures.

Finally, multiplying the weight coefficient with feature F yields the scaled new feature.
Using an intermediate feature map in the network, this module sequentially infers the
attention weights along two separate dimensions, channel and space, and then multiplies
the attention map by the original feature map, culminating in the adaptive tuning of the
feature map. Channel attention is combined with spatial attention to form CBAM, and the
structure of CBAM is shown in Figure 11.

Channel attention

Input
feature

Spatial attention
Refine

feature

Figure 11. CBAM structures.

Adding CBAM to each residual cell, the structure of the residual cell after the addition
of the attention mechanism to ResNet-34 and ResNet-50 is shown in Figure 12. The left
figure corresponds to the deep network, while the right figure corresponds to the shallow
network. For short-circuit connections, when the input and output dimensions are the
same, the inputs can be added directly to the outputs.

______________________________ il 2 |
J Residual Unit | ] Residual Unit added to CBAM |
| |
: : : — 256-d :
| 256-d | | I
l |r i : l | ’ 141, 64 ‘ |
| % N | 64-d | 4
| s | B s B e o |
| | | ‘ ‘ | i - - i BN
! | | |
| E
: | 333, 64 i BN | : ! -0 i ( rev |
| i i ( rev ) : | ! . :
= = L [ l
] " I [ rev ) o ) -
: i RELU 1x1, conv ! Bebi : : I l ‘ ;:On ! B{ 1x1, conv J :
—= i > )
| ! BN | ! 141, conv | | | e | — BN I
| 313, 64 i BN BN | : i i (Lo l
[ ! | RELU | : | ! l i _ 7; ‘ :
| ! Bl\' | | | | L | | 141, 256 | |
) 1 | \ )
1 | s T —— | I |
| L N | { l J | | ! CBAM H - |
D
D S | O ok | |
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| l 64-¢ - : | ( reLv ) ! 8 :
| ) R | ’ — «
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| 256-4 | | [ RreELu | |
: | : Tﬁé-d |
| Basic Block Bottle Neck : | Basic Block Bottle Neck :
b o e ] b ]

Figure 12. Structure of residual unit with attention mechanism.

3.3.3. Transfer Learning

In this study, the network to be used is first pre-trained on the ImageNet dataset, and
then the pre-trained model is applied to this dataset. The amount of data in this study are on
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Conv 1

Conv 2

Conv 3

Conv 4

the large side, and it is too costly to train directly on the target domain, so we use migration
learning to train the experimental data quickly. Transfer learning is a method of applying
knowledge or patterns learned in a domain or task to a different but related domain or
problem. That is, the ability to systematically identify and apply knowledge and skills
learned in a previous domain or task to a new domain or job [61]. Transfer learning aims
to provide a framework for solving new but similar problems faster and more efficiently
using previously acquired knowledge [29]. With the emergence of more and more machine
learning application scenarios and the existing better-performing supervised learning that
requires a large amount of labeled data, and labeling data being a costly task, migration
learning is receiving more and more attention.

Transfer learning typically focuses on scenarios with a source domain D; and a target
domain Dy. The source domain is represented as Ds = {x;, yi}le, where x; and y;, respec-
tively, denote data samples and their corresponding category labels. The target domain is
represented as Dy = {x;, yi}lN’f. Given the source domain D, with a learning task Ts, and
the target domain Ds with a learning task T, the objective of transfer learning is to leverage
the knowledge from the source domain Ds and learning task T; to enhance the learning
of the predictive function f;(-) in the target domain (Pan Sinno Jialin). This is under the
condition that either Dy # Dy or Tg # T;.

Transfer learning applies knowledge, patterns, and understanding gained in one
source domain and task to different, but unrelated, target domains and tasks by means of
parametric migration to achieve rapid learning. The process of transfer learning in this
experiment is shown in Figure 13.

CIFAR-100
Data Set

Wetland
Data Set

1 | |
1 | |
: : Conv 1 :
1 | |
1 |
: | |
1 ! |
Max Pool ] X Max Pool I
1 |
: l :
1 ! |
1 : |
3X3,64 3 : | Com 2 3X3, 64 3 !
3X3, 64 : ! onv = 3X3, 64 |
l ! Parameter | l !
I Migration !
3X3, 128 [ \ 3X3, 128 .
X4 1 ’ X4 |
3X3,128 : | Conv 3 3X3,128 :
1 : |
1 | |
v H : v |
3X3,256 ! ! 3X3,256 !
E) X 1 ) X |
3X3,256 6 ! : Conv 4 3X3,256 6 !
1 \ |
1 | |
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3X3,512 i ! Conv3 33,512 |
Y A 4
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Figure 13. The transfer learning process.
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4. Classification Results and Accuracy Evaluation
4.1. Classification Effectiveness

Based on the super-resolution image of Sentinel-2, the feature-preferred bands were
extracted, and the study on the extraction of wetland category information in the Yellow
River Delta was completed using RF, ResNet-34, ResNet-50, and AMResNet-34 (AR34) and
AMResNet-50 (AR50), respectively, and the classification results are shown in Figure 14.

118° 40'0”E 118° 500”E 119° 0'0"E 119° 10'0"E 118° 40'0”E 118° 50'0”"E 119" 0'0"E 119° 100”E

(e)ResNet-50

- Shallow sea waters - Reservoir and pond N

[ Mudflats I rarmiand A

- Rivers - Salt pan

[T Herbaceous swamp [ Construction land (IJ ) 1|0 | 2|0 L 4|0 Kilometers
- Shrub swamp :l Other land

Figure 14. Classification results of wetlands in the Yellow River Delta.
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The visual interpretation and comparison of the original images show that the classifi-
cation effect of the AM_ResNet-34 and AM_ResNet-50 models is much higher than that of
RF in shrub swamps, reservoirs, farmland, and building land, and slightly higher than that
of RF in shallow sea waters, mudflats, shrub swamps, and salt fields, but the classification
effect of the river is still to be improved, which may be due to the fact that the sand content
near the estuary is much higher than that of other months in October, so the offshore waters
near the estuary are easily misclassified as a river.

4.2. Accuracy Evaluation

To compare and analyze the classification results, the accuracy metrics used in this
study are User Accuracy (UA), Producer Accuracy (PA) Overall Accuracy (OA) and Kappa
coefficient, which are more often used in evaluating the classification accuracy of remotely
sensed imagery [29]. The Kappa coefficient is used to evaluate the overall performance of
the classification method, and each evaluation index is shown in Table 5. The accuracy of
the classification results of the optimal model is shown in Table 5.

Table 5. Accuracy evaluation metrics.

Evaluation
Indicators

Calculation

Methods Explanations

User Accuracy (UA)

R; represents the number of correct classifications, R, represents

UA = the total number of categories.

=

Producer Accuracy (PA)

R; represents the number of correct classifications, R;; represents
m the total number of misclassifications to a certain category.

Fl-score

P stands for precision rate and R stands for with recall rate.

Overall Accuracy (OA)

C represents the total number of categories, T; represents the
number of correctly classified samples for each category, and n
represents the total number of samples.

KAPPA

C
. pe . = 1 a;XDb; .
P, represents the overall classification accuracy, P, = %, a; is

T=p" the number of real samples for each category, b; is the number of
predicted samples.

This study compares SVM, Random Forest, ResNet-34, ResNet-50, AM_ResNet-34, and
AM_ResNet-50 with Kappa coefficients of 0.81, 0.83, 0.91, 0.90, 0.92, and 0.93, respectively,
and OA of 85.03, 87.62%, 92.59%, 91.77%, 93.76%, and 95.76%, as shown in Table 6. The
deep learning models ResNet-34 and ResNet-50 have higher PA and UA than the machine
learning RF, but the accuracy of herbaceous swamp, shrubby swamp, and building land
is not much improved, and ResNet-50 has a larger accuracy improvement compared to
ResNet-34 herbaceous swamp and shrubby swamp; the AM_ResNet-34 and AM_ResNet-50
models have all categories improved accuracy, and OA and Kappa coefficients had greater
increases. Due to the large amount of data, the network with ResNet-50 as the base model
is more advantageous, resulting in some improvement in both producer accuracy and user
accuracy for all categories.

Table 6. Accuracy evaluation for all categories.

Method

OA(%)

Kappa

Category
SS RE

F1-Score  Accuracy

SW MF RV HS FA SP CL OL

SVM

85.03

0.81

PA
UA

89.13
87.79

87.72
90.02

85.56
81.06

84.33
88.87

83.21
87.46

86.03
85.81

78.93
82.35

84.54  79.89
85.73  81.02

87.05
86.36

81.26

RF

87.62

0.83

PA
UA

94.44
96.9

91.8
74.74

88.67
94.25

86.2
93.82

86.4
93.79

86.68
92.74

69.15
66.97

89.27 80.9
83.79 85

90.53
93.78

84.55
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Table 6. Cont.
Category
Method OA(%) Kappa  Fi1-Score Accuracy

SW MF RV HS SS RE FA SP CL OL
PA 9459 9229 9385 8207 8216 89.38 9433 9318 91.81 93.86

ResNet34 92.59 0.91 90.62
UA 9492  92.03 94.09 85.92 85.02 94.08 97.18 95.67 65.15  92.95
PA 9444 9415 9371 89.86 89.74 8588 90.65 9515 87.65 91.65

ResNet50  91.77 0.9 89.43
UA 96.59 9145 96.29 9466 9427 9176 93.59 96.94 71.65  95.65
PA 94.04 9537 9486 91.17 9214 9048 9445 97.43 91.56 95.11

AR34 93.76 0.92 91.02
UA 9352 9408 9646 9524 9526 9375 91.02 9243 8458 96.46
PA 95.2 94.48 93.91 9273  92.38 90.31 96.29 97.68 93.37  94.35

AR50 94.61 0.93 91.93
UA 9464 9363 9559 9452 9452 9549 9248 9132 8525 9585

Ultimately, this paper concludes that the use of attention mechanism combined with
the ResNet network can effectively improve classification accuracy based on the feature
preference data of Sentinel-2.

5. Discussion
5.1. Advantages of This Study

In this study, based on Sentinel-2 images, a deep learning method with feature pref-
erence was used to classify the wetland types in the Yellow River Delta. The method has
the following advantages: (1) Compared with other studies, they use more Yellow River
estuary data, and the observation scale of this study is larger. The preprocessing methods
of some studies mostly used spectral bands, and we used texture features to fuse the
super-resolution multispectral data to obtain a higher-quality dataset. Most of the studies
used machine-learning classification models, and in this study, we used deep-learning
models to improve the classification accuracy and ensure the stability of the models. (2) The
feature-preferred band greatly improves the separability of the data, and the features of
each category are more distinctive. Various studies have also shown that the texture fea-
tures have a great degree of contribution to the data. In this study, we utilized texture
features for the fusion of super-resolution multispectral data to obtain a higher-quality
dataset compared to the preprocessing approach of other studies. (3) Deep learning has a
very good suitability for the large-scale data of remote sensing, especially the use of residual
networks, which make the network with higher depths not produce gradient drops, which
makes the steps such as feature extraction of large-scale data simple. (4) The portability of
this study is high, and the feature preference can be used many times in remote sensing
image data processing. At the same time, the deep learning network can be applied to
most of the remote sensing research, and is of general significance in the classification of
wetlands, and can be applied to the classification of other geographical scenarios as well.
(5) SVM and RF are commonly used classifiers in wetland classification, while the ResNet
deep learning network in this study is more effective than machine learning. Compared to
SVM,, the accuracy and KAPPA were improved by 9.58% and 0.12, respectively, compared
to RF by 6.99% and 0.1. The current classification research on remote sensing images mostly
uses random forests, but deep learning is better for large-scale data.

5.2. Limitations and Future Improvements

This study still has shortcomings, so the follow-up is mainly from the following three
aspects of the study to supplement: (1) October data features obvious features, but the
water body features are not obvious, the follow-up will join the multi-temporal data to
improve the accuracy of water body features. (2) Although the accuracy of deep learning
is greatly improved, the sample labeling is too cumbersome, and machine learning can
be used to pre-label the data before deep learning for classification. (3) More bands can
be added when performing feature optimization to further improve the quality of the
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dataset. (4) Other deep learning models that can be used for experiments, such as CNN
combined with Transformer algorithms [62] or TransUNet, which combines U-net with
Transformer [63], could be explored.

6. Conclusions

Based on the super-resolution image of Sentinel-2, we used the data preprocessing
method of feature-preferred bands to obtain index features and texture features and then
fused them into bands. Furthermore, the ResNet with attention method was applied to
classify the wetland types in the Yellow River Delta. The conclusions that can be obtained
from this study are as follows: the data preprocessing method of feature preference can
greatly improve the data separability. In addition, the effectiveness of the deep residual
network is higher than that of the random forest algorithm. Meanwhile, after the residual
network introduces the attention mechanism, the model works best, the overall accuracy of
classification reaches 94.61%, and the Kappa coefficient reaches 0.93, which is 6.99% and
0.1 higher than the random forest.
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