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Abstract: The coastal zone is abundant in natural resources but has become increasingly fragile in
recent years due to climate change and extensive, improper exploitation. Accurate land use and
land cover (LULC) mapping of coastal zones using remotely sensed data is crucial for monitoring
environmental changes. Traditional classification methods based on statistical learning require
significant spectral differences between ground objects. However, state-of-the-art end-to-end deep
learning methods can extract advanced features from remotely sensed data. In this study, we
employed ResNet50 as the feature extraction network within the U-Net architecture to achieve
accurate classification of coastal areas and assess the model’s performance. Experiments were
conducted using Gaofen-2 (GF-2) high-resolution remote sensing data from Shuangyue Bay, a typical
coastal area in Guangdong Province. We compared the classification results with those obtained from
two popular deep learning models, SegNet and DeepLab v3+, as well as two advanced statistical
learning models, Support Vector Machine (SVM) and Random Forest (RF). Additionally, this study
further explored the significance of Gray Level Co-occurrence Matrix (GLCM) texture features,
Histogram Contrast (HC) features, and Normalized Difference Vegetation Index (NDVI) features
in the classification of coastal areas. The research findings indicated that under complex ground
conditions, the U-Net model achieved the highest overall accuracy of 86.32% using only spectral
channels from GF-2 remotely sensed data. When incorporating multiple features, including spectrum,
texture, contrast, and vegetation index, the classification accuracy of the U-Net algorithm significantly
improved to 93.65%. The major contributions of this study are twofold: (1) it demonstrates the
advantages of deep learning approaches, particularly the U-Net model, for LULC classification in
coastal zones using high-resolution remote sensing images, and (2) it analyzes the contributions of
spectral and spatial features of GF-2 data for different land cover types through a spectral and spatial
combination method.

Keywords: advanced remote sensing imaging; deep learning models; spectral and spatial information;
feature extraction; coastal zone area; land use and cover classification; information interpretation
technology

1. Introduction

The coastal zone, characterized by a unique sea-land transitional ecosystem, is rich
in natural resources and offers significant geographical advantages. It hosts diverse
ecosystems [1], supports major industries [2], and provides essential life support ser-
vices for human survival and development [3,4]. However, the ecological environment
in coastal zones is fragile and has been increasingly degraded due to accelerated human
activities [5-8]. Accurate land use and land cover (LULC) classification is crucial for moni-
toring environmental changes in these areas and is a key research focus for scholars and
academic organizations worldwide [9-11].
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With the rapid advancement of satellite remote sensing technology, the spatial and
spectral resolution of remotely sensed data has significantly improved, greatly enhancing
the innovation of information interpretation techniques [12]. In the field of remote sensing
data interpretation, traditional human interaction methods have achieved satisfactory clas-
sification accuracies ranging from 70% to 90% [13,14]. However, these approaches are often
costly and inefficient [15,16], and they struggle to handle massive and complex datasets [17].
Researchers have explored the use of machine learning and artificial intelligence to extract
coastal zone information, such as the threshold method. However, calculating the appropri-
ate threshold is challenging, especially in areas with low contrast or complex backgrounds,
which can significantly affect extraction results [18-21]. Pixel-based statistical learning
methods, including support vector machine (SVM), maximum likelihood classifier (MLC),
and minimum distance algorithm (MDA), have been tested for classification. These meth-
ods primarily rely on spectral features and require significant spectral differences between
ground objects [22-24]. However, traditional statistical learning methods often overlook
spatial and contextual semantic information in remotely sensed data, leading to issues like
“same spectrum with different objects” and “same object with different spectra”, which
can increase misclassification and omission errors [25]. Furthermore, object-based image
analysis (OBIA) methods, as well as those combining OBIA with spectral, shape, texture,
and spatial information, have been investigated. However, determining the appropriate
scale for OBIA segmentation remains a challenge and is often experience based [26-28].

In recent years, deep learning, a key component of artificial intelligence, has played
a crucial role in the advancement of image classification. Deep learning techniques of-
fer several advantages in remote sensing image classification, including the ability to
automatically adjust model parameters, generate models with strong generalization capa-
bilities, improve accuracy, handle large and complex datasets, perform automatic feature
extraction, and learn from multi-source and multi-temporal data [29-32]. For instance,
Zhu et al. [33] discussed the state of the art in deep learning for remote sensing and high-
lighted the significant improvements in classification accuracy achieved by these methods.
Ma et al. [34] reviewed deep learning applications in remote sensing and emphasized their
ability to manage large and complex datasets. They illustrated how convolutional neural
networks (CNNs) can automatically extract relevant features from hyperspectral images,
eliminating the need for manual feature engineering [35]. Popular deep network architec-
tures include CNN [36], AlexNet [37], VGG [38], GoogLeNet [39], and ResNet [40]. CNNs
are foundational for semantic segmentation in deep learning, typically generating several
fully connected layers with multiple convolutional layers. They map high-dimensional
feature images into N-dimensional feature vectors to predict the probability of each pixel
belonging to a specific category [41]. To address the limitations of CNNs, such as high
computational cost and limited ability to capture contextual information, ] Long et al. [42]
designed a fully convolutional network (FCN) in 2015. FCN replaces the fully connected
layers in CNNs with deconvolution layers, creating an end-to-end network structure that
produces segmentation results with the same resolution as the input image, thus enabling
accurate image classification [43,44]. Building on FCN, Zuo et al. [45] proposed an end-to-
end multi-layer fusion fully convolutional neural network, which can fuse deep features
of images obtained from different sensory field sizes. However, FCNs also have some
limitations, including high computation cost [46], limited ability to capture contextual in-
formation [47], challenges in handling multi-scale objects [48], tendency to overfit training
data [49], reliance on extensive labeled datasets for training [50], and sensitivity to noise
and variability in remote sensing images, which may impact classification accuracy [51].
To overcome these challenges, Ronneberger et al. [52] extended the FCN and introduced
a new symmetric network called U-Net. In the U-Net structure, the encoding part on
the left adopts the VGG-Net network, while the decoding part on the right is cascaded
with the left part. This structure allows for the combination of low-level features obtained
through down-sampling with high-level features obtained through up-sampling, accurately
locating pixel information. The U-Net not only produces classification results with the same
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resolution as the input image but also ensures that the target objects have well-defined
contour information [53].

This paper aimed to (1) develop a model with high accuracy for coastal zone classifica-
tion using GF-2 remote sensing images, (2) evaluate the effectiveness of texture, Normal-
ized Difference Vegetation Index (NDVI), and contrast features in the U-Net model, and
(3) propose a LULC classification solution suitable for coastal areas, constructing a strategy
based on high-resolution remote sensing images. To achieve these goals, we first generated
an LULC map using the original multispectral GF-2 imagery and the U-Net model. Then,
the classification results were compared with those obtained from mainstream deep learn-
ing architectures such as SegNet [54] and DeepLab v3+ [55-58], as well as state-of-the-art
statistical classifiers like SVM and RF. Next, we constructed different feature spaces using
Gray Level Co-occurrence Matrix (GLCM) texture [59,60], Histogram Contrast (HC) [61],
and NDVI index [62]. Finally, we divided all features and the original spectral data into
five groups, selecting each group as input for the best-performing classifier to test feature
sensitivity. The experiments were conducted on GF-2 high-resolution data from Shuangyue
Bay, a typical coastal zone in Guangdong Province.

2. Experimental Methods
2.1. Study Area and Experimental Environment
2.1.1. Study Area and Datasets

The selected study area is Shuangyue Bay (114.553°-115.420° N, 22.544°-23.388° E), a
typical coastal zone in Guangdong Province, China. Located in Huidong County, Huizhou
City, Eastern Guangdong, Shuangyue Bay is renowned for its distinctive dual crescent-
shaped bays, creating a unique and picturesque coastal landscape. This characteristic
makes it an ideal case for studying coastal geomorphology [63]. Like many coastal zones,
Shuangyue Bay faces environmental pressures from human activities such as tourism,
fishing, and urbanization, making it a representative area for studying the impact of
human activities on coastal environments and developing management strategies [64].
The total length of the continental coastline in the study area is approximately 16 km,
with a land area of about 55 km? (Figure 1). A scene of GF-2 high-resolution remotely
sensed data, captured on 26 January 2017, was selected as the data source for this study
(https://data.cresda.cn/#/2dMap).
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Figure 1. Study area. (I) Mixed forest and farm land areas. (II) Woodland-dominated areas. (III) Low-
density artificial surface areas. (IV) High-density artificial surface areas. (V) Mixed land and water
boundary zone.
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The GF-2 remote sensing satellite provides the highest resolution data available for civil
land observation in China. It is equipped with four multispectral and one panchromatic
image acquisition sensor. The multispectral image resolution is 4 m, covering three visible
spectral bands (blue, green, and red) and one near-infrared band, with a 10-bit radiometric
resolution. The wavelength ranges for the visible and near-infrared bands are 0.45-0.52 um,
0.52-0.59 um, 0.63-0.69 um, and 0.77-0.89 um, respectively. The panchromatic band has a
resolution of 1 m and a wavelength range from 0.45 to 0.90 um [65,66].

2.1.2. Experimental Environment and Preprocessing

Figure 2 presents the workflow for coastal zone classification using the U-Net deep
learning framework and GF-2 remotely sensed data. The preprocessing of the GF-2 re-
mote sensing images involved radiometric calibration, atmospheric correction, and crop-
ping of the study area. The Apply Gain and Offset tool provided by ENVI®5.3 was
utilized for radiometric calibration of the multispectral data. The absolute calibration
coefficients for the GF-2 remote sensing images from 2017 are as follows: PAN channel
(gain = 0.1503, bias = 0), B1 channel (gain = 0.1193, bias = 0), B2 channel (gain = 0.1530,
bias = 0), B3 channel (gain = 0.1424, bias = 0), and B4 channel (gain = 0.1569, bias = 0).
Based on field investigation and visual interpretation, the study area was classified into
four categories: water body, artificial surface, forest land, and farm land. “Forest land”
refers to areas dominated by trees, including both natural forests and plantations. “Water
body” includes areas covered by water, such as rivers, lakes, wetlands, and artificial water
bodies like reservoirs and ponds. “Farm land” encompasses land used for agricultural
production, including arable land, orchards, vineyards, pastures, and agricultural facilities,
primarily used for growing crops, raising livestock, and aquaculture. “Artificial surface”
denotes areas where the natural land cover has been replaced by human-made construc-
tions, including urban and rural buildings, roads, airports, industrial areas, and other
infrastructure, typically covered by materials such as concrete, asphalt, and bricks. The
corresponding training and testing label data were produced by remote sensing experts.
Due to the large size of the full image, inputting it directly into the deep learning model
could cause memory issues on the workstation. Therefore, the image was cropped into
256 x 256-pixel slices, and 50 images were selected as sample data. The total number of
pixels was 94,960, with a relatively balanced distribution across each category (as detailed
in Table 1). The sample data were divided into an 8:2 ratio for training and validation.

Table 1. Selected training and testing samples.

Categories Water Body  Artificial Surface  Forest Land  Farm Land Total
Training samples 16,658 20,518 21,779 17,013 75,968
Testing samples 4164 5130 5445 4253 18,992
Total 20,822 25,648 27,224 21,266 94,960

The experiments in this study were conducted on a Windows 10 operating system,
using a hardware setup comprising an Intel Xeon(R) Gold 5118 processor, 128 GB of RAM,
a 2 TB disk, and an RTX 2080Ti 11 GB graphics card. The U-Net model was implemented
using the MATLAB® R2020a programming environment. The training utilized the stochas-
tic gradient descent with momentum (Sgdm) optimization method, set for 20 epochs, with
each epoch consisting of 1000 iterations. The batch size was set to 16, the learning rate was
fixed at 0.005, and the momentum was set at 0.9.



Appl. Sci. 2024, 14, 7050

50f18

GF-2 Satellite image

&
Labeled Samples

NDVI features

Sl U-Net SegNet Deeplab SVM Random
' v3+ Forest
: Results of different algorithms P Results based on multi-features

Vol e T T e L QL Iy

Y

- i

k1
Advantages of U-Net Benefit 9f spectral and Bottlenecks and
spatial fieatures future work
Conclusions

Figure 2. Workflow of a coastal classification framework.

2.2. U-Net Network

The U-Net network model is an end-to-end, U-shaped symmetric network, originally
derived from the FCN architecture [67]. U-Net is known for achieving good segmentation
performance, even when the training sample size is relatively small [68,69]. The network
consists of two main parts: an encoder and a decoder. The encoder, located on the left
side, is responsible for extracting feature information from the input image. The decoder,
on the right side, accurately locates and restores detailed information from the extracted
feature image [70]. The encoder is composed of four groups of identical coding blocks.
Each coding block employs two convolutional layers with a kernel size of 3 x 3. The
rectified linear unit (ReLU) is used as the activation function, and a 2 x 2 max-pooling
filter with a stride of 2 is applied for down-sampling. With each down-sampling opera-
tion, the spatial dimensions of the feature map are halved, while the depth of the feature
map doubles. The decoder mirrors the encoder with four identical decoding blocks. In
each decoding block, a 2 x 2 kernel is first used for transposed convolution to up-sample
the feature map, effectively halving its depth. This is followed by a skip connection that
merges the up-sampled feature map with the corresponding feature map from the encoder.
Two additional convolutional layers with 3 x 3 kernels are then applied, reducing the
feature map’s spatial dimensions to half of its original size. The final layer of the
U-Net employs a 1 x 1 convolution kernel to map the 64-dimensional feature vector
to a 256 x 256 output image. The Softmax function was then used to generate a classifica-
tion map with the same resolution as the input image. The detailed structure of the U-Net
network is illustrated in Figure 3.
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Figure 3. Structure of U-Net network.

2.3. Image Feature Extraction

High-resolution remote sensing images contain a wealth of information beyond con-
ventional spectral data, including rich geometric, spatial, and texture information. This
complexity arises because different ground objects can exhibit similar spectral character-
istics, such as buildings and ground surfaces, while identical objects can display varied
spectral information, like roofs of buildings made from different materials. Additionally,
GF-2 images are limited to three visible light bands and one near-infrared band, providing
insufficient spectral information. Due to these characteristics, relying solely on spectral
data for training deep learning models often yields suboptimal results, as the models may
not adequately capture the diverse feature information present in the images. Therefore, it
is essential to construct a variety of image features to complement the original spectral data
and enhance classification accuracy. In this study, we constructed and integrated image
texture features, contrast features, and vegetation features as supplements to the original
spectral data. These features were combined and fed into the deep learning network, specif-
ically the U-Net model, to provide more comprehensive inputs. By focusing on the unique
characteristics of the U-Net model, this research aimed to utilize a fusion of three-category
feature information with spectral data, offering the model more robust and sufficient inputs
for accurate classification.

Focusing on the characteristics of the U-Net deep learning model, this research con-
structed three types of feature information and integrated them with spectral information
to provide the model with more comprehensive inputs.

(1) Texture features extracted with GLCM.

GLCM texture feature extraction is based on a statistics algorithm. In this research,
five texture features were extracted, including contrast (CON), correlation (COR), angu-
lar second moment (ASM), mean, and entropy (ENT), using GF-2 RGB channels with
four angle directions (0°, 45°, 90°, and 135°).

The CON measures the local variations in the GLCM matrix, reflecting image clarity
and texture depth. The calculation formula of CON is described in Equation (1) as follows:

CON =Y i;(i—j)*P(i,j) 1

where i and j mean the row and column indices in the GLCM, and P(i,j) means the
normalized frequency of the co-occurrence of gray levels i and j in the GLCM.
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The COR measures the degree to which a pixel is correlated with its neighbors across
the entire image, reflecting the correlation of local grayscale values. The calculation formula
for COR can be described with the following Equation (2):

cor 1, A =Pl

O‘iO‘j

()

where i and j mean the row and column indices in the GLCM, P(i,j) means the normalized
frequency of the co-occurrence of gray levels i and j in the GLCM. p_i is the mean gray
level of row i in the GLCM, p_j is the mean gray level of column j in the GLCM, 6; and 6_j
are the standard deviations of the gray levels in row i and column j, respectively.

The ASM, also known as energy, measures the uniformity or texture uniformity of
the image. It reflects the uniformity of the grayscale distribution and the texture’s fineness.
The calculation formula for ASM can be described with Equation (3), as follows:

ASM = Y _3iP(i,)? 3)

where i and j mean the row and column indices in the GLCM, and P(i,j) means the
normalized frequency of the co-occurrence of gray levels i and j in the GLCM.

Mean represents the average value of the intensities in the GLCM, indicating the
overall brightness of the image tone. The calculation formula for the mean can be described
with Equation (4), as follows:

Mean =Y i P(i,j) (4)

where i and j mean the row and column indices in the GLCM, respectively, and P(i,j) means
the normalized frequency of the co-occurrence of gray levels i and j in the GLCM.

ENT measures the randomness or complexity of the texture within the image, indicat-
ing the randomness and the amount of information contained. The calculation formula for
ENT can be described with Equation (5), as follows:

ENT = - Y"4;P(i,j)logP(i,j) (5)

where i and j mean the row and column indices in the GLCM, respectively, and P(i,j) means
the normalized frequency of the co-occurrence of gray levels i and j in the GLCM. Log is
the logarithm function, typically base 2 or natural logarithm.

(2) Contrast feature extracted with HC algorithm.

To simplify the calculation and enhance efficiency, the data values of each channel
were quantized into 12 levels. This approach reduces the possible data values in the image
to a maximum of 123, which is significantly lower than the original maximum color value of
256%. Additionally, pixels with a frequency of appearance less than 5% were classified into
the high-frequency value group with the closest color distance. To further facilitate color
perception, the LAB color space was utilized to measure color distance. The calculation
formula for the contrast value of a pixel in the image can be described with the following
Equation (6):

S(Ix) = Yy c; DIk 1) (6)

where S(Ii) is the contrast value of pixel Iy, and D(I, I;) is the color distance between pixel
I and pixel I; in LAB space. Equation (1) can be expanded as Equation (7), as follows:

S(Ik> :D(Ik,ll)—i-D(Ik,Iz)—F+D(Ik,1n) (7)
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where 7 is the total number of pixels in the image I. Since the color depth is quantized
to a certain level, Equation (2) is rearranged to group pixels with the same color value ¢;
together. The contrast value of a pixel I can be expressed as follows with Equation (8):

S(Ix) =S(C)) = iij(Cerj) (8)
=1

where ¢; is the color value of the pixel I, n is the total colors numbers in image, and f] is
the frequency of ¢; in the image I. Since color quantization can introduce inaccuracies, a
weighted and averaged smoothing operation was applied to refine the contrast value of
each color, thereby reducing noise points. The calculation for this operation is represented
in Equation (9), as follows:
, 1y
§(c) = ml; (T —D(c,ci))S(ci) ©)

where m is the number of colors to improve the contrast of color ¢, usually 1/4 of the total
number of colors, and T is the sum of the color distances between color ¢ and its m nearest
neighbors c;.

(3) NDVI features.

NDVI is used to enhance vegetation in satellite images. To accurately extract vegeta-
tion information, NDVI features are computed. The calculation of NDVI is expressed in
Equation (10), as follows:

NIR - R
NIR+R

where NIR is the reflection value in the near-infrared band, and R is the reflection value in
the red band.

NDVI = (10)

2.4. Accuracy Assessment

In remote sensing classification tasks, accurately evaluating the performance of clas-
sification algorithms is crucial. Commonly used metrics for this purpose include overall
accuracy (OA), the Kappa coefficient, and the Fl-score [71,72]. In this study, these metrics
were selected for quantitative evaluation of classification results [73,74]. OA was chosen
because (1) OA is straightforward to understand and calculate; (2) it provides a quick
overview of the classifier’s performance; (3) it is a standard metric in many fields, making
results easily comparable across studies. The Kappa coefficient was selected because (1) it
accounts for the agreement occurring by chance; (2) it is less sensitive to class imbalance;
(3) Kappa values closer to 1 indicate better agreement than expected by chance, while
values below 0 indicate worse than random performance. The Fl-score was included
because (1) it provides a single metric that balances both false positives and false negatives;
(2) it is useful in cases of class imbalance by considering both precision and recall; (3) it
offers detailed insights into the classifier’s performance.

OA represents the ratio of correctly classified samples to the total number of samples.
The calculation formula for OA is shown in Equation (11), as follows:

_ TP+ TN
" TP+ TN+FN+FP

OA (11)
where TP (true positive) represents the number of positive samples that are classified
correctly, TN (true negative) represents the number of negative samples that are clas-
sified correctly, FP (false positive) represents the number of positive samples that are
classified incorrectly, and FN (false negative) represents the number of negative samples
classified incorrect.

The Kappa coefficient is a classification evaluation index based on the confusion matrix,
with values ranging from —1 to 1, although in practical applications it typically falls
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between 0 and 1. The Kappa coefficient reflects the overall classification accuracy of a given
model, with higher values indicating greater accuracy. The calculation formula for the
Kappa coefficient is shown in Equation (12), as follows:

p
Nx ¥ ai = X (aiy X ay;)
i=

N2 =Y (aiy x ay;)

where p represents the row or column of a confusion matrix, a;; represents the number of
correctly classified, which corresponding to the value of the i-th row and i-th column on the
diagonal, a; represents the sum of the i-th row, 4, represents the sum of the i-th column,
and N is total number of samples.

The F1-score is the harmonic mean of precision (P) and recall (R). It is a comprehensive
indicator that reflects the model’s ability to distinguish between positive and negative
samples. The calculation formula for the F1-score is shown in Equation (13), as follows:

Kappa =

(12)

P xR
P+ R

F1=2x (13)

where P = TP+FP’ R = TP+FN’ TP, FP, and FN are defined the same as in Formula (11).

3. Results and Analysis
3.1. Classification Results by Different Methods

Deep learning-based classification heavily relies on training data. To prevent overfit-
ting and improve the generalization ability of the network, we applied data augmentation
techniques such as random rotation and mirroring of the training sets. As shown in Figure 4,
as the number of iterations increases, the training accuracy improves and the training loss
decreases, gradually stabilizing until the model reaches a state of convergence.

loss value and
tion loss value/%

Verification loss value
—— Training loss value

60

ver

—— Verification accuracy

= —— Training accuracy 0.1F
55

50 L 1 17 | 0.0 1 L 1 1

Epoch Epoch
Figure 4. Training accuracy, verification accuracy, and loss value of U-Net model.

To verify the effectiveness of high-resolution remote sensing imagery classification
using the U-Net method, we compared the U-Net model with SegNet, DeepLab v3+, RF,
and SVM, using the same training and validation data. For each model, evaluation metrics
were averaged over multiple experiments (three repetitions) to minimize random errors.
These five models were applied to five distinct areas, as shown in Figure 5a, with the
corresponding experimental results presented in Figure 5b—f.
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[ Water body WM Artificial surface W Forestland ¥ Farm land

Figure 5. Classification results of different models. (a) Original RGB image. (b) Classification results
based on the U-Net model. (c) Classification results based on the SegNet model. (d) Classifica-
tion results based on the DeepLab v3+ model. (e) Classification results based on the SVM model.
(f) Classification results based on the RF model.
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The classification accuracy results in Table 2 indicated that the U-Net model outper-
formed the others in terms of OA, Kappa, and Fl1-score. All five algorithms achieved an OA
value above 80%, with the three deep learning algorithms exceeding 85%, surpassing the
two traditional statistical learning models. When analyzing Figure 4 and Table 2 together,
it is evident that the three deep learning models effectively suppressed the “noise” phe-
nomenon and significantly improved the classification of mixed pixels and minor objects.
This advantage arises because traditional classification methods focus only on shallow
features, whereas deep learning can extract contextual and semantic information from high-
resolution remote sensing images. A comprehensive analysis demonstrated that the U-Net
model provided superior robustness in classification performance and was particularly
well-suited for coastal classification tasks.

Table 2. Averaged OA, Kappa, and Fl-score of selected models.

U-Net SegNet DeepLab v3+ SVM RF
OA/% 86.32 85.48 86.12 82.58 84.73

Kappa 0.84 0.81 0.82 0.76 0.78

F1-score 0.85 0.84 0.84 0.81 0.83

3.2. Classification with Multi-Features

To illustrate the impact of multi-feature classification, we present the results for the
original image classification, the original image combined with texture features, NDVI
features, contrast features, and all features combined (Figure 6). The averaged OA, Kappa
coefficients, and F1-score for each class achieved using the U-Net model with these multi-
features are shown in Table 3.

Table 3. Averaged accuracy value per land cover class achieved with multi-feature using U-Net

classifier.
Original Image @ +NDVI +Texture +Contrast  +Multi-Feature
Artificial surface 0.89 0.92 0.92 0.9 0.94
Wood land 0.86 0.97 0.91 0.82 0.97
Farm land 0.65 0.68 0.71 0.76 0.88
Water body 0.87 0.88 0.95 0.98 0.98
OA/% 86.32 88.95 89.74 87.93 93.65
Kappa 0.84 0.85 0.86 0.85 0.89
F1-score 0.85 0.89 0.89 0.87 0.90

As seen in Table 3, compared to the original image classification results, the accuracy
for forest land classification increased by 11% with the addition of NDVI features. This im-
provement highlights the significant impact of NDVI features on the accuracy of vegetation
category classification. When contrast features were combined with the original images,
the classification accuracy for forest land decreased slightly by 0.04, but this reduction was
minor and did not significantly affect the overall accuracy. Notably, the classification accu-
racy for water bodies and cultivated land improved substantially (both increasing by 0.11),
indicating that the addition of contrast features enhances the distinction between water
bodies, cultivated land, and other ground objects. The inclusion of texture features with the
original image improved the classification accuracy across all categories, demonstrating the
strong influence of texture features in the classification process. As shown in Table 3 and
Figure 7, the highest overall classification accuracy (OA of 92.65% and Kappa coefficient of
0.89) was achieved by combining texture, vegetation, and contrast features.
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Figure 6. Multi-feature image classification results based on U-Net. (a) Original RGB image.
(b) Original RGB image classification results. (c) Original image + texture feature classification
result. (d) Original image + NDVI classification result. (e) Original image + contrast feature classifica-
tion result. (f) Original image + multi-feature (texture, vegetation, contrast) classification result.
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Figure 7. Performance of U-Net model after fusion of multiple features.

In summary, the U-Net model that integrates texture, NDVI, and contrast features
achieves superior classification results. This model fully leverages the information from
high-resolution remote sensing images, making it particularly well-suited for coastal LULC
classification.

4. Discussion
4.1. Advantages of U-Net Deep Learning Models

In this research, we conducted a comprehensive comparison of the U-Net model for
coastal zone LUCC against other state-of-the-art deep learning models, such as SegNet
and DeepLab v3+, as well as traditional machine learning models like SVM and RF. The
experimental results demonstrated that U-Net was a powerful tool for LUCC tasks due to
its unique architecture. The U-Net design includes a contracting path to capture contextual
information and a symmetric expanding path for precise localization, which are particularly
beneficial for tasks requiring detailed boundary preservation [52]. Unlike traditional
machine learning models such as SVM and RF, which require extensive feature engineering
to perform well, deep learning models like U-Net can automatically learn relevant features
from raw data. This capability makes U-Net more flexible and less dependent on the
quality of manually engineered features [75,76]. Our experimental results show that the
three selected deep learning algorithms, including U-Net, achieved an OA greater than
85%, outperforming the two traditional statistical learning models. This finding aligns with
Li’s research conclusions in the Shenzhen area [77]. Although DeepLab v3+ offers high
accuracy, its complexity and computational intensity are greater than those of U-Net [58].
U-Net excels in accuracy and detailed segmentation, especially when dealing with complex
boundaries and limited training data. While SegNet provides computational efficiency,
it may compromise some details. DeepLab v3+ delivers state-of-the-art performance but
at the cost of increased complexity and computational demands. In contrast, SVM and
Random Forest, although robust traditional methods, require extensive feature engineering
and may struggle with high-dimensional data scenarios where the automatic feature
extraction capabilities of deep learning provide a significant advantage.

4.2. Benefit of Spectral and Spatial Features

The combination of spectral and spatial features in the U-Net model achieved the best
classification performance (OA over 93%) using GF-2 images of Shuangyue Bay, Guang-
dong Province, where the surface cover was complex. The analysis results indicated that
NDVI was particularly sensitive to vegetation characteristics. This sensitivity arises because
NDVI exploits the strong absorption of red light by green plants and their high reflectance
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in the near-infrared, enhancing the spectral response difference between vegetation and
other ground objects. In addition, texture features significantly improved the classification
accuracy across all classes. As regional features, texture attributes utilized image infor-
mation to describe the spatial distribution of each pixel, considering both macroscopic
properties and fine structures more effectively than other features. The contrast feature was
found to be particularly sensitive to water bodies and farm land. This sensitivity is due to
the contrast feature’s ability to combine the gray levels of low-frequency pixels and stretch
the gray levels of high-frequency pixels, thereby highlighting image details and enhancing
the distinction between water bodies, cultivated land, and other features. The fusion of tex-
ture, NDVI, and contrast features resulted in the best classification outcomes. This superior
performance is mainly because each feature contributes differently to various categories.
When combined, these features complement each other, allowing their advantages to be
fully utilized, and thus achieving the highest classification accuracy.

4.3. Key Bottlenecks and Future Directions

Deep learning methods require a large amount of data to train models effectively, but
acquiring and labeling datasets can be costly and challenging. Additionally, despite the
inclusion of spectral and spatial features, the improvement in classification accuracy for
artificial surfaces remains limited. This limitation suggests that the selected features are
not sufficiently sensitive to artificial surfaces. Developing building index features could
address this issue. However, constructing a normalized building index often requires a
mid-infrared channel, which is absent in most high-resolution remote sensing images that
only have red, green, blue, and near-infrared channels [78]. To overcome this limitation,
future research could explore using hyperspectral remote sensing data or combining high-
resolution satellite images with medium-resolution remote sensing images. This approach
could compensate for the deficiencies in optical resolution satellite images for accurately
extracting building features. By integrating these data sources, it may be possible to enhance
the sensitivity and accuracy of artificial surface classification in complex environments.

5. Conclusions

This study analyzed the LULC classification of a coastal zone using the U-Net method
based on GF-2 remote sensing images. The research verified the effectiveness of GLCM
texture features, NDVI, and contrast features within the U-Net model, constructing a
strategy tailored to high-resolution remote sensing images for coastal area classification.
The comprehensive analysis of the experimental results demonstrated the following:
(1) The U-Net classification algorithm that combines texture, NDVI, and contrast fea-
tures significantly improves classification accuracy. (2) The proposed model effectively
classifies artificial surfaces, forest land, farm land, and water bodies, achieving high perfor-
mance in coastal feature classification with an accuracy of 93.65%, making it suitable for
practical applications.

However, there are still some limitations that need to be addressed: (1) The limited
spectral bands of GF-2 may not capture all the necessary information for distinguishing
various coastal features, particularly those with similar spectral signatures; (2) the U-
Net model requires a substantial amount of high-quality annotated training data, which
can be labor-intensive and costly to produce; (3) deep learning models trained in one
coastal region might not generalize well to other regions due to differing environmental
conditions; (4) coastal zones may exhibit imbalanced classes, with some land cover types
being underrepresented, leading to biases in the model and inaccuracies in classifying less
frequent categories.

To overcome these shortcomings, future research can focus on the following aspects:
(1) Integrating GF-2 data with other high-resolution and hyperspectral datasets to enhance
spectral and temporal resolution; (2) exploring hybrid architectures that combine U-Net
with other models (e.g., LSTM for temporal data) to improve performance in dynamic
environments; (3) utilizing synthetic data generation techniques (e.g., GANSs) to create
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additional training samples, especially for underrepresented classes; and (4) investigating
semi-supervised learning approaches to use large amounts of unlabeled data, thereby
reducing the dependency on annotated data.
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