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Abstract: Land-cover mapping plays a crucial role in resource detection, ecological environmental
protection, and sustainable development planning. The existing large-scale land-cover products
with coarse spatial resolution have a wide range of categories, but they suffer from low mapping
accuracy. Conversely, land-cover products with fine spatial resolution tend to lack diversity in the
types of land cover they encompass. Currently, there is a lack of large-scale land-cover products
simultaneously possessing fine-grained classifications and high accuracy. Therefore, we propose
a mapping framework for fine-grained land-cover classification. Firstly, we propose an iterative
method for developing fine-grained classification systems, establishing a classification system suitable
for Sentinel-2 data based on the target area. This system comprises 23 fine-grained land-cover
types and achieves the most stable mapping results. Secondly, to address the challenges in large-
scale scenes, such as varying scales of target features, imbalanced sample quantities, and the weak
connectivity of slender features, we propose an improved network based on Swin-UNet. This
network incorporates a pyramid pooling module and a weighted combination loss function based
on class balance. Additionally, we independently trained models for roads and water. Guided by
the natural spatial relationships, we used a voting algorithm to integrate predictions from these
independent models with the full classification model. Based on this framework, we created the
2017 Beijing-Tianjin-Hebei regional fine-grained land-cover product JJJLC-10. Through validation
using 4254 sample datasets, the results indicate that JJJLC-10 achieves an overall accuracy of 80.3% in
the I-level validation system (covering seven land-cover types) and 72.2% in the II-level validation
system (covering 23 land-cover types), with kappa coefficients of 0.7602 and 0.706, respectively. In
comparison with widely used land-cover products, JJJLC-10 excels in accurately depicting the spatial
distribution of various land-cover types and exhibits significant advantages in terms of classification
quantity and accuracy.

Keywords: land-cover mapping; fine-grained classification; Beijing-Tianjin—-Hebei region; Sentinel-2
images; stable classification system

1. Introduction

Land cover reflects essential information about the Earth’s surface characteristics
and is one of the critical variables for monitoring the Sustainable Development Goals
(SDGs). It holds great significance for research in natural resource management, ecological
environmental protection, and urban planning [1-3]. With the rapid development of the
economy and society, issues such as soil degradation, environmental pollution, and urban
expansion have shown a noticeable upward trend. Therefore, there is an urgent need
for accurate and detailed land-cover information to provide a scientific basis for policy
formulation and sustainable development research.
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At present, high-resolution fine-scale land-cover products covering large areas are
limited. Over recent decades, the spatial resolution and quality of global or regional land-
cover products have gradually evolved from coarse to fine. Land-cover products based on
coarse resolution data, such as AVHRR and MODIS [4-8], are commonly recognized by
users as possessing a lack of spatial detail, low classification accuracy, and poor consistency
between different products, making them inadequate for modern applications [9,10]. The
high-resolution remote sensing data freely available from Landsat and Sentinel-2 provide
data support for producing more fine-grained land-cover products. For instance, Gong
et al. [11] generated the 2015 global 30 m land-cover product FROM_GLC30 based on
Landsat data, which includes 28 land-cover types, but the overall accuracy was only
52.76%. Zhang et al. [12] produced the 2015 global 30 m land-cover product GLC_FCS30 by
combining the multi-temporal random forest model, time series of Landsat imagery, and
global training data. It contains 16 global land-cover types and 14 regional fine-grained
land-cover types, with overall accuracy rates of 71.4% and 68.7%, respectively. However,
due to the low classification accuracy of fine-grained land-cover types, it is difficult to
capture the spatial detail information of the land cover, hindering the fine-scale application
of existing products. With the rapid enhancement of data storage and computing power,
it becomes feasible to produce land-cover products with finer resolution [13,14], such as
FROM_GLC10 [15], ESA World Cover [16], and ESRI Land Cover [17], which can support
the fine-grained monitoring of global land cover and its changes. In general, the existing
large-scale, coarse-resolution products offer a wide range of categories, but suffer from low
mapping accuracy. On the other hand, for high-resolution products, due to limitations in
classification systems and algorithms, the improvement in data quality does not yield more
fine-grained classification quantity.

Establishing a scientific classification system is important in achieving fine-grained
land-cover classification. In 1996, the Food and Agriculture Organization of the United
Nations (FAO) [18] established a standard and comprehensive land-cover classification
system—LCCS (Land Cover Classification System), which is suitable for research at various
scales and with different data sources. Some classification systems, such as the European
Union Joint Research Center GLC2000 [6] and the Basic Geographic National Conditions
Monitoring Classification Standard (CH/T 9029-2019) [19], drew upon the design concepts
of the LCCS classification system. However, these classification systems exhibit signifi-
cant differences in terms of compatibility across different scenarios, often necessitating
additional data processing and conversion for their use [20]. Subsequently, in 2010, China
initiated essential research on global land-cover remote sensing mapping techniques [21].
Chen et al. [22] utilized the pixel object knowledge method to divide the world into ten
types, and this classification system is currently one of the most widely applied systems
globally and at regional levels. Nevertheless, these predefined categories are challenging in
terms of encompassing all of the natural land-cover types. Regarding land-cover product
mapping, it is advisable to explore the finest possible category system based on the data
and target scenarios, ultimately leading to superior land-cover products.

The classification method employed is the critical factor influencing the accuracy of
large-scale land-cover mapping. As exemplified by convolutional neural networks (CNNs),
deep learning approaches exhibit strong feature extraction capabilities and are widely used
in large-scale land-cover mapping tasks [23-26]. However, due to the significant scale
variations and diverse shapes of different land features, the conventional layers used in the
above research have the problem of a limited receptive field, hindering the comprehensive
learning of contextual information [27,28]. The limitation results in slight patch effects at the
transition zones of features with similar characteristics, leading to the discontinuity of some
slender land features in the classification results, thereby impeding the practical application
of land-cover products. While transformers utilize multi-head self-attention modules to
rapidly capture long-range feature relationships, thereby maximizing the utilization of
global context information, they provide innovative concepts for large-scale land-cover
mapping [29,30]. Liu et al. [31] proposed the Swin Transformer in 2021, which uses sliding
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windows and hierarchical structures to extract multi-scale features. Based on the idea
of Swin-T, Cao et al. [32] proposed Swin-UNet in 2021, which is a U-shaped encoding-
decoding architecture of the base transformer and has achieved great success in the field
of medical image segmentation. In addition, due to the issue of imbalanced sample sizes
in the training sample data [33], models tend to favor learning the majority class during
training while ignoring rare categories, thus affecting the overall classification accuracy [34].
Existing research has attempted to rebalance sample quantities through re-sampling and
re-weighting [35]. However, these methods have specific shortcomings in specific use cases,
such as the fact that under-sampling can lead to the loss of essential feature information,
while over-sampling can result in overfitting for minority class data [36]. When dealing with
multi-classification tasks, the re-weighting method increases the complexity of determining
the appropriate weight for each category due to the potential correlation between different
categories [37].

In general, the limitations of classification systems and classification algorithms restrict
the production of fine-grained land-cover products for large-scale scenarios. We propose a
mapping framework for fine-grained land-cover classification, and its main contributions
are as follows:

1. This paper proposes a fine-grained classification system iteration algorithm, which
aims to explore a stable classification system tailored to specific sensors based on the
target region. We applied this method to deduce a classification system for Sentinel-2
data, initially training the model with the sample dataset D, and constructing the
initial classification system. Subsequently, the trained model was used to predict the
target region, merging land-cover types with insufficient discriminability at a 10 m
resolution. Through multiple iterations and the refinement of the classification system,
we ultimately developed a stable classification system encompassing 23 land-cover
types and achieved optimal mapping results.

2. The paper aims to address challenges in large-scale scenes, such as varying scales
of target features, imbalanced sample quantities, and weak connectivity of slender
features. We introduce a pyramid pooling module based on Swin-UNet to enhance
the model’s perception of features at different scales. Additionally, we designed a
combination loss function based on class balance, balancing the model’s learning
ability for different features. Independent model training was conducted for roads
and water. Leveraging spatial relationships in natural features as clues, we used a
voting algorithm to integrate predictions from independent models and the over-
all classification model, enhancing the generalization ability of slender features in
complex scenarios.

3. Based on this framework, we produced the 2017 fine-grained land-cover product
JJJLC-10 for the Beijing-Tianjin-Hebei region. We quantitatively assessed the accuracy
of JJJLC-10 using a validation sample set of 4254 samples and visually compare it with
four mainstream large-scale land-cover products, thus demonstrating the advantages
of our product more intuitively. To the best of our knowledge, it is by far the richest
product in terms of surface coverage types at the 10 m scale.

2. Materials
2.1. Study Area

The Beijing-Tianjin-Hebei region is located in northeastern China, ranging from
latitudes 36° to 42°N and longitudes 113° to 119°E. The region is bordered by the Bohai Sea
in the east, the Taihang Mountains in the west, the North China Plain in the south, and the
Yanshan Mountains in the north, as shown in Figure 1. The terrain in this area is complex
and diverse, with the northwestern part of the region dominated mainly by mountains,
hills, and plateaus and the southeastern part dominated by plains with an overall stepped
downward trend of high in the northwestern part of the region and low in the southeast part
of the region. The Beijing-Tianjin-Hebei region covers a total area of about 218,600 square
kilometers, mainly including Beijing, Tianjin, and 11 cities in Hebei Province, accounting
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for 2.27% of the total land area. As of the end of 2022, the permanent population of the
Beijing-Tianjin—Hebei region exceeded 130 million people, and the GDP exceeded CNY 10
trillion, accounting for 8.3% of the total national GDP, which has positively promoted the
country’s economic development.
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Figure 1. Geographical location and elevation map of Beijing-Tianjin—-Hebei region in China.

2.2. Data and Preprocessing
2.2.1. Remote Sensing Data

The Sentinel-2 satellite is a multispectral Earth observation satellite launched by the
European Space Agency’s Copernicus program. It consists of two satellites, Sentinel-2A
and Sentinel-2B, which operate alternately with a five-day revisit period. The multispectral
imager carried by the satellite covers 13 spectral bands with spatial resolutions of 10 m,
20 m, and 60 m. The specific spectral parameters are shown in Table 1. The Sentinel-2 data
boast a remarkable spatial resolution of 10 m, allowing for the clear capture of intricate
surface details. Moreover, the utilization of 13 spectral bands offers a wealth of spectral
information crucial for precise land-cover classification, enabling the identification and
differentiation of various land-cover types. The combination of a short data return period
and open access further establishes a reliable and timely database for in-depth studies
on land cover and its dynamic changes. Since its launch in 2015, data from Sentinel-2
have been widely employed by researchers in the exploration of land-cover classification
and change detection, yielding noteworthy results [38]. Therefore, in this paper, all of the
spectral band information from Sentinel-2 data is used for refined land-cover mapping in
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the Beijing-Tianjin—-Hebei region. According to the standard of less than 5% cloudiness, a
total of 110 scenes of Level-1C data from May to September were downloaded from the
ESA website (https:/ /scihub.copernicus.eu/, accessed on 17 December 2022).

Table 1. Introduction of Sentinel-2 data spectral band information.

Band Description Resolution (m) Wavelength (nm)
Band 1 Aerosols 60 443.9
Band 2 Blue 10 496.6
Band 3 Green 10 560
Band 4 Red 10 664.5
Band 5 Red Edge 1 20 703.9
Band 6 Red Edge 2 20 740.2
Band 7 Red Edge 3 20 782.5
Band 8 NIR 10 835.1

Band 8A Red Edge 4 20 864.8
Band 9 Water vapor 60 945
Band 10 Cirrus 60 1373.5
Band 11 SWIR 1 20 1613.7
Band 12 SWIR 2 20 2202.4

The GF-1 satellite, China’s first high-resolution Earth observation satellite, launched on
26 April 2013. It carries a high-resolution camera (PMS) that includes a panchromatic band
with a spatial resolution of 2 m and four multispectral bands with spatial resolutions of 8 m.
These multispectral bands consist of red, green, blue, and near-infrared bands. We used
GF-1 data for labeling and data from the Land Observation Satellite Data Service Platform
of the China Center for Resources Satellite Data and Application (https://data.cresda.cn/,
accessed on 12 February 2023). The time range is generally consistent with Sentinel-2 data.

2.2.2. Data Processing

Due to the downloaded Sentinel-2 data being Level-1C atmospheric reflectance prod-
ucts, we applied the Sen2Cor plugin to perform atmospheric correction on the Level-1C
data, obtaining Level-2A data. Additionally, we utilized SNAP 9.0 software developed by
the European Space Agency for preprocessing Sentinel data, uniformly re-sampling the
resolution of the 13 bands to 10 m. Subsequently, we cropped the remote sensing images
based on the administrative boundaries of the study area.

GF-1 data are susceptible to weather conditions, making it necessary to perform ra-
diometric enhancement on the decompressed panchromatic and multispectral files. This
enhancement renders the ground features in the image more distinct and prominent, facili-
tating visual interpretation. Then, the orthorectification of the radiometrically calibrated
image is carried out based on the Image Rational Polynomial Coefficient (RPC) file and
the Digital Elevation Model (DEM), effectively mitigating geometric distortions. Finally,
a panchromatic fusion method is applied to merge the panchromatic and multispectral
bands, resulting in an image with a spatial resolution of 2 m.

2.3. Sample

Adequate and accurate training samples are essential for large-scale land-cover classi-
fication. Currently, the training sample collection methods mainly include manual visual
interpretation of samples and the automatic extraction of training samples from existing
land-cover products [12], approaches widely used in large-scale land-cover classification.
However, due to the coarse spatial resolution of existing land-cover products and the
lack of diversity in the included land-cover types, the training samples obtained from
them lack fine-grained land-cover information, making it challenging to meet the research
requirements for fine land-cover classification. Therefore, creating a labeled dataset with
fine-grained land-cover types is essential.
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The granularity of resolution affects the fineness of feature identification and the
number of categories. GF-1 imaging provides detailed spatial and spectral information,
enabling the clear capture of richer and more fine-grained land-cover features, making
it suitable for creating fine land-cover label datasets. The fine land-cover label datasets
utilized in this study were meticulously curated through the collaborative efforts of over ten
team members. First, based on the geographic location and topographical characteristics
of the Beijing—Tianjin—Hebei region, approximately 39% of the study area was selected as
the interpretation area. Referring to the existing medium and high-resolution land-cover
products and the results of the dynamic monitoring of geographical conditions, our team
visually interpreted and pixel-level labeled various land-cover types in the interpretation
sample area using high-resolution remote sensing images. The category was refined to the
three levels of geographical conditions, encompassing a comprehensive set of 91 distinct
land-cover types. To ensure the precision of the labeled datasets, any contentious types
were addressed through on-site field visits, where ground objects of debate were marked
and resolved. Simultaneously, we employed the Nearest Neighbor Interpolation method to
resample the labeled data to a 10 m resolution, resulting in the creation of 15 image and
label datasets sized 16,053 x 16,053 pixels in the study area. These datasets cover 39% of
the Beijing-Tianjin-Hebei region, spanning an area of 85,300 square kilometers.

Due to the GPU'’s capacity limitation, loading the entire remote sensing images and
labels into the GPU for training is unfeasible. Therefore, to meet the model input require-
ments, this paper employed the sliding window clipping method to segment images and
labels of size 16,053 x 16,053 into 512 x 512. This process yielded a total of 15,411 stan-
dardized slices, each measuring 512 x 512 pixels. According to the ratio of 8:2, a total of
12,328 training samples and 3082 testing samples of size 512 x 512 were obtained from the
standardized slices for model training and accuracy validation, respectively.

To improve the convergence speed and stability of the model during training, we
normalized each band of the Sentinel-2 image across the entire training sample before
commencing the training process. The normalization principle is as follows:

., img—mean
img = ————— 1

8 id 1)
where img’ represents the normalized image data, img represents the original input image
data, and mean and std represent the mean and standard deviation of each band in the
Sentinel-2 data.

3. Methods
3.1. Overall Framework

Figure 2 provides a detailed depiction of the proposed fine-grained land-cover classi-
fication mapping framework. This framework consists of three main parts: constructing
a fine-grained land-cover deep learning network, an iterative optimization method for
the classification system, accuracy assessment, and comparison with existing land-cover
products. In the following sections, these three parts will be introduced in detail.

3.2. Deep Learning Network for Fine-Grained Land-Cover Classification

The network structure employed for fine-grained land-cover classification in this
study is illustrated in Figure 3. To extract fine-grained feature information, we introduced
a pyramid pooling module on the basis of Swin-UNet, enhancing the model’s capability
to recognize features at different scales. To address the highly imbalanced sample data
issue, a weighted combination loss function based on class balance was designed, further
strengthening the model’s ability to learn rare categories. At the same time, with the aim
of addressing the phenomenon of the weak connectivity of slender objects, we conducted
independent model training using roads and water, and integrated the road, water, and
full classification results according to the arrangement and combination method of natural
objects, which improves the generalization ability of slender objects in complex scenes.
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Figure 2. The overall framework of the fine-grained land-cover classification mapping.

3.2.1. Swin-UNet Overview

The network mainly consists of an encoder, decoder, skip connection, and bottleneck.
In the encoder part, the image with the size of 512 x 512 x 13 is inputted into the model,
which is converted into a 4 x 4 size with non-overlapping patches using Patch Partition.
The width and height of the image become a quarter of the original one, and the size of the
channel becomes 16 times of the original one; thus, the size of the feature map obtained
is 128 x 128 x 208. Then, when stacking the four stages to construct feature maps with
different scales, firstly, the channel size of the feature map is projected to any dimension
(denoted as C) using Liner Embedding. The other three stages are all composed of Patch
Merging and Swin Transformer Block, where Swin Transformer Block is mainly used for
feature extraction and Patch Merging is mainly used for down-sampling. After three
consecutive layers of down-sampling, the height and width of the feature map are reduced
by half each time, while the channel size is doubled, and the sizes of the output feature
maps are 64 x 64 x 2C, 32 x 32 x 4C, and 16 x 16 x 8C, in that order.

The decoder incorporates patch-expanding layers that primarily perform upsampling
on the deep features, doubling the dimensions of the feature maps in terms of width and
height, while reducing the channel dimension to half of the original size. To restore the
feature maps to the same size as the original image, in the final patch-expanding layer,
the feature maps are directly upsampled four times in terms of width and height, while
leaving the channel dimension unchanged, and then achieving pixel-level classification.
Finally, the encoder’s multi-scale features and upsampled features are fused through skip
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connection, and the strategy effectively mitigates the loss of spatial details during the
feature extraction process.

Patch Expanding

Stage 1

Swin Transformer Skip Connection

Block x2

Stage 2

Skip Connection

Swin Transformer
Block x2

Stage 3

Skip Connection

Swin Transformer
Block x2

Stage 4

i

Figure 3. Network structure of fine-grained land-cover classification.

3.2.2. Swin Transformer Block

The network’s encoder, decoder, and bottleneck modules are implemented using the
Swin Transformer block, as shown in Figure 4. Each Swin Transformer Block includes a
LayerNorm (LN) layer, residual connections, multi-layer perceptron (MLP), and a multi-
head self-attention (MSA) module. Among them, the Window-based Multihead Self-
Attention (W-MSA) module is mainly used for feature extraction, while the shifted Window-
based Multi-head Self-Attention (SW-MSA) module is responsible for establishing long-
term spatial dependencies, facilitating global information interaction.

5 e o o e

Figure 4. Swin Transformer Block.

Two consecutive Swin Transformer Block formulas are computed as shown below.
Firstly, the input feature z/~! to the stage is locally normalized (LN), and then it undergoes
W — MSA for global feature computation, followed by residual concatenation to generate
the feature 2!. Next, feature 2! undergoes LN, MLP, and residual concatenation to obtain
the output feature z' of the first layer. The structure of the second layer is essentially



Remote Sens. 2024, 16, 390 9 of 25

similar to that of the first one, with the only distinction being the utilization of a different
self-attention module.

s =W — MSA (LN(z’—l)) 4ot @)
= MLP(LN(Q’ )) 44l 3)

1 — SW — MSA (LN(zl)) 4o @)
2+ — W — MSA (LN(il“)) gl 5)

where z! denotes the output features of the (SW — MSA) module, 2! denotes the output
features of the MLP module, and I denotes the number of network layers.

3.2.3. Pyramid Pool Module

Due to the large-scale differences and irregular shapes of different land objects in
remote sensing images, the model needs to effectively extract land objects under different
receptive fields. Larger land objects, typically containing more contextual information,
require a broader global context to capture their overall features, such as forests and urban
areas. Conversely, smaller land objects, due to their smaller scale, are more susceptible to
local details. To accurately identify these smaller objects, a focus on finer local features is
required, such as open-air stadiums and water bodies. Therefore, for different object scales,
it is essential to judiciously utilize both global and local information.

The Pyramid Pooling Module (PPM) [39] combines multi-scale features by pooling
feature maps at different scales to improve the model’s ability to obtain context information.
We introduced the PPM module on the basis of Swin-UNet, so that the module can better
capture the fine-grained features of small-scale features, thus improving the overall classifi-
cation accuracy. As depicted in Figure 5, the feature maps generated by the encoder are
subject to average pooling of varying sizes (1 x 1,2 x 2,3 x 3,6 x 6), producing feature
maps of different scales. Then, bilinear interpolation was employed to up-sample these
feature maps, followed by their concatenation with the initial feature map. This process
culminates in creating a multi-scale composite feature map, harmonizing the extraction of
global semantic and local detail information.

/ = —Conv1xl-» [ | \ l
—Conv1x1l—>» \ S
e
- —convia> ] N .
—Conv1x1-»
L ./

Figure 5. Pyramid Pooling Module.

3.2.4. Slender Feature Mapping Optimization

In large-scale land-cover classification tasks, the distribution of different land-cover
scenes is highly complex, and different land-cover types exhibit significant morphological
differences. Achieving an accurate classification of water and roads poses certain challenges
compared to surface features. This is because, in remote sensing images, water and
roads often exhibit relatively fine shapes, presenting a challenge for full classification
models in extracting slender features. Additionally, conflicts between land features lead
to discontinuities in water and roads, directly impacting the overall accuracy of land-
cover products.
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Considering the characteristics of the feature types, we trained the road and water
models separately on the basis of the full classification model, and the overall process
is shown in Figure 6. Among them, all of the parameters used in the training of the
road and water models were consistent with those of the full classification model. By
training a separate model for slender features, the model is more focused on learning and
capturing the features of roads and water, which helps to improve the classification accuracy
and product usability. Subsequently, we referred to the morphological permutations and
combinations of natural features and used a voting algorithm to integrate the prediction
results of roads and water into the full classification prediction results, thus improving the
generalization ability of slender features in complex scenes.
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Figure 6. Slender feature mapping optimization.

3.2.5. Combination Loss Function Weighting Method Based on Class Balance

In land-cover classification tasks, an issue of imbalanced sample distribution is preva-
lent. This means that a minority of categories contain many sample data, while the majority
have few sample data. The Focal loss function assigns higher weights to categories with
limited data, enhancing the model’s ability to learn from rare categories. The definition
formula is as follows:

LFocul = _alphai(l - pi)gummulog(pi) (6)

where Focal represents the probability that a pixel belongs to class i, alpha; is the balancing
factor, and gamma is the adjustment factor. In Focal loss, alpha; is usually set to 0.25 and
gamma is set to 2. This is the optimal hyperparameter obtained by many experiments [40],
which has shown good results in dealing with the problem of class imbalance.

At the same time, when facing complex geographical scenes, different land-cover types
are prone to confusion, meaning that a single pixel can belong to multiple land-cover types
simultaneously. The Dice loss function considers the intersection between the true labels
and the predicted results, providing a better approach to handling the issue of land-cover
category confusion. The definition formula is as follows:

2]y NP

el el il B 7
Y+ [P) @

Lpjce =1
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where P represents the model’s predicted value, Y represents the true label value, and
Y N P represents the intersection between the predicted result and the true label.

By combining the Focal and Dice loss functions, the accuracy of the model classification
can be improved. However, due to the highly imbalanced data, the direct method of
combining loss functions to balance the training samples does not produce satisfactory
results. In addition, because of information overlap among the sample data, the model’s
performance decreases with an increase in the number of samples. Cui et al. [41] proposed a
class-balancing strategy, which involves re-weighting the loss based on the effective sample
count to achieve class balance. The finite sample index is defined as E; = (1 — ) /(1 — B),
where i represents the number of samples, N represents the total number of samples, and
B € [0,1) represents the weight coefficient, which not only controls the growth rate, but also
smoothly adjusts the weights of each category in the loss function. For example, a higher
weight can be assigned to a category with a smaller number of samples, while a smaller
weight can be assigned to a category with a larger number of samples, thus achieving a
balanced treatment of categories.

Therefore, we devised a novel weighting scheme to readjust the losses based on the
sample count for each land-cover type. The imbalance among sample data was mitigated
by incorporating a normalized weighting factor. This strategic approach was integrated
into the combined loss function to alleviate errors stemming from the overlap between the
sample data. The calculation is outlined as follows

L= 1/2Ei(LFocal + LDicE) (8)

3.2.6. Experimental Settings

All experiments in this paper were conducted using the PyTorch deep learning frame-
work. We trained the models using two NVIDIA RTX 3090 GPUs with 24 GB memory. At
the same time, the training samples were enhanced via random cropping, random flipping,
and random scaling images to improve the model’s generalization ability. Regarding the
training model parameters, the AdamW optimizer was selected to train the model; the
batch size was set to 4; the initial learning rate was set to 0.001; and the exponential decay
strategy was used to reduce the learning rate gradually. The number of training iterations
was set to 100 epochs.

3.3. Classification System Iterative Method

This paper proposes a comprehensive method for optimizing fine-grained classifi-
cation systems through deep iterative processes to explore the classification system in
as much detail as possible at the 10 m scale. We employed multiple iterations and data
feature mining through deep learning. Referring to the classification standard for Basic
Geographic National Conditions Monitoring (CH/T 9029-2019) [19], published by the
Ministry of Natural Resources of China, we gradually refined the classification system to
improve the accuracy and stability of the model’s classification results.

The specific process is illustrated in Figure 7 and Algorithm 1, beginning with model
training using sample dataset D, to establish the initial classification system. Subsequently,
the well-trained initial model was employed to predict target data B, followed by a manual
assessment and accuracy evaluation of the initial classification results. After thoroughly
analyzing the discriminative capabilities and accuracy metrics for different land-cover
types, we consolidated the categories with weak discriminative ability and low accuracy.
The update of sample datasets accompanied this consolidation to optimize the initial
classification system. Finally, we used the updated sample data to retrain the model and
predict the target data B again to evaluate the model’s overall performance on the new
classification system. We continued to iterate through the above steps until the most stable
classification system was obtained.
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Algorithm 1: Stable classification system algorithm

Input: Sample set D, with Primary 1 3 Classes N® = {n; --- n} on target sensor S
and region R; classification network F;;
Output: Stable classes N, for target region and sensor; stable classification network F;

1: train F, with D,

2: inference and evaluate F,;, on R

3: calculate accuracy a, for n

4:  While (a > m and visual check pass = 1) do
5: N; = {}

6: for (a]- in a) do

7 if (uj > p and visual check pass = O) then
8: continue

9: else

10: Ni + i’lj

11: end for

12: end for

13: for(do ny in N;)

14: if (ny € N2orn; € N') then

15: combinate N;

16: update D;

17: update F; to F;

Iterative method for classification systems
Interation

Sample set D,

Interations

Continue training <—{ Update Sample set D,, ]%

v categories
Staple™ | |mmemmmm———— ; combination
Classification
system

Primary
Classification
system Inference

N {oemin) Y,

Figure 7. Iterative method for classification system.

Target region B

4. Results
4.1. Accuracy Assessment Index

Evaluating the accuracy of land-cover products is critical in ensuring their credibility.
The confusion matrix [42] is valuable for depicting the confusion between various land-
cover types. It is one of the most prevalent methods in assessing the accuracy of land-cover
products. Therefore, we used the confusion matrix method to calculate four accuracy
evaluation metrics: overall accuracy (OA), user’s accuracy (UA), producer’s accuracy (PA),
and kappa coefficient. These metrics were employed to assess the classification accuracy of
the Beijing-Tianjin-Hebei land-cover product, and the calculation methods are as follows:

OA = % )

PA = ;—:Z (10)

UA = ;% (11)

Kappa = N-Yilq Xii — Yitq (% x4) (12)

N2 — Y (xpyxyy)
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4.2. JJJLC-10:10 m Resolution Fine-Grained Land-Cover Map of the Beijing-Tianjin—Hebei Region

Figure 8 illustrates a fine-grained land-cover map of the Beijing-Tianjin-Hebei region
with a 10 m resolution in 2017, containing 23 distinct land-cover types. The spatial distribu-
tion of the Beijing-Tianjin-Hebei region presents the following patterns: dense vegetation
is mainly distributed in the northeastern part of the Tathang Mountains and the Yanshan
region. Paddy fields and drylands are distributed primarily in the eastern coastal areas, the
southeastern plains, and the northwestern plateau region of Zhangjiakou. Grasslands are
mostly distributed in plateau and hilly regions, while built-up areas are concentrated in
well-connected and densely populated plain areas. In general, the JJJLC-10 land-cover map
accurately describes the spatial distribution of multiple land-cover types, which is highly
consistent with the spatial pattern of land-cover in the Beijing-Tianjin—-Hebei region.
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Figure 8. JJJLC-10: Fine-grained land-cover map of Beijing-Tianjin—-Hebei region.

Table 2 presents the area proportions of 23 distinct land-cover types. Dryland accounts
for the largest proportion at 34.37%, followed closely by shrubland with a coverage of
24.33%. Dryland and shrubland, the main land-cover types in the Beijing-Tianjin—-Hebei
region, account for 58.7% of the total area. Following closely are buildings, broadleaf
tree forests, high-coverage grasslands, orchards, and coniferous tree forests, accounting
for 30.21% of the Beijing-Tianjin—-Hebei region. Water, hardened surfaces, and roads are
less common, amounting to 6.17% of the region’s area. The remaining land-cover types
constitute 4.92% of the Beijing-Tianjin—Hebei region, with open-air stadiums having the
smallest proportion at only 0.03%.
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Table 2. The area proportion of fine-grained land-cover types.
Class Name Proportion (%) Class Name Proportion (%)

Road 1.78 Opencast mining 0.32

Water 2.94 Open-air stadium 0.03

Orchard 3.8 Shrubland 24.33
Nursery 0.59 Sparse forest 0.49
Building 8.35 Broadleaf tree forest 74
Bareland 0.08 Coniferous tree forest 3.22
Dryland 34.37 Mixed coniferous forest 0.1

Paddy field 0.65 Mixed forest of trees and shrubs 0.03
Greenhouse 0.54 High-coverage grassland 7.44
Hardened surface 1.45 Medium-coverage grassland 0.74
Industrial facilities 0.51 Low-coverage grassland 0.08

Construction site 0.76

4.3. Accuracy Assessment of the JJJLC-10 Map

In this study, 4254 sample points were generated in the Beijing-Tianjin—-Hebei region
using stratified random sampling. The sample points were visualized and interpreted
using a combination of Sentinel-2 imagery and Google Earth Pro to assess the accuracy of
JJJLC-10 quantitatively. Because the JJJLC-10 land-cover product covers 23 land-cover types,
the confusion matrix is divided into two parts in this paper: a Level I confusion matrix
covering seven land-cover types and a Level II confusion matrix encompassing 23 fine-
grained land-cover types. Table 3 summarizes the accuracy matrix for 23 fine-grained
land-cover types. Overall, the JJJLC-10 land-cover product achieves an overall accuracy of
72.2% and a kappa coefficient of 0.706. From the perspective of PA, the open-air stadium
land-cover type achieves the highest accuracy, reaching 92.7%. This is followed by the
paddy field, dryland, greenhouse, construction site, water, nursery, and bareland types,
all with accuracy rates of more than 80%. Land-cover types such as buildings, industrial
facilities, shrublands, mixed coniferous forests, mixed forests of trees and shrubs, opencast
mining, orchards, and tree broadleaf forests fall within the accuracy range of 60% to 70%.
However, high-coverage grassland, medium-coverage grassland, low-coverage grassland,
roads, and hardened surfaces show relatively lower accuracy, all below 60%. These results
indicate that land-cover types occupying large areas in the Beijing-Tianjin-Hebei region
exhibit relatively high accuracy. In addition, land-cover types with distinctive features also
show higher precision. On the contrary, some land-cover types with small proportions and
similar characteristics are easily confused, directly affecting classification accuracy.

To visually illustrate the degree of confusion among the 23 fine-grained land-cover
types, we calculated the proportion of confusion for these 23 different land-cover types,
as shown in Figure 9. Firstly, hardened surfaces have the highest proportion of confusion,
with roughly 48% of the validation samples being misclassified as other land-cover types,
including buildings, industrial facilities, and construction sites. Roads are second only to
hardened surfaces at about 47%. Because roads are inherently long and narrow features,
they can be easily confused with the types of land-cover spread out on both sides of the
road, with grasslands, drylands, and buildings accounting for the bulk of the confusion.
Secondly, there is serious confusion between land-cover types with similar characteristics.
For example, a number of shrublands, mixed coniferous forests, mixed forests of trees and
shrubs, and sparse forests are misclassified as broadleaf tree forests. High-coverage grass-
lands, medium-coverage grasslands, and low-coverage grasslands also exhibit confusion
with roads, water, and bareland. Due to the intrinsic diversity among grassland types,
they often exhibit substantial similarities in terms of shape and characteristics, resulting in
some degree of interclass confusion. However, most land-cover types such as paddy fields,
open-air stadiums, water, and bareland are correctly classified, with only a minor portion
experiencing misclassification errors.
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Table 3. The accuracy matrix for 23 fine-grained land-cover types.

WF DC OC NS TBF TCF MCF SL MT&S SF HCG MCG LCG BD RA HS OS GH WT BL OM CS IF Total PA.

WF 113 4 0 1 0 0 0 0 0 0 0 0 0 0 0 1 0 0 5 0 0 0 0 124 0911
DC 3 414 5 6 4 1 0 2 0 1 8 3 1 6 1 3 0 5 2 3 4 3 1 476  0.870
OoC 2 10 145 7 2 2 0 8 1 1 6 1 1 4 4 0 0 4 0 1 1 2 0 202 0.718
NS 2 3 3 105 1 0 0 1 0 4 0 1 1 0 1 1 1 2 1 2 0 0 1 130  0.808
TBF 3 5 4 3 160 2 15 19 11 13 3 1 4 2 3 1 2 1 1 0 4 2 2 261  0.613
TCF 1 0 1 1 3 143 9 8 6 4 1 2 1 0 1 0 0 0 0 1 2 2 0 186  0.769
MCF 0 0 1 1 7 4 107 4 7 2 2 1 1 1 0 1 0 0 1 1 2 3 1 147 0.728
SL 2 4 5 1 9 10 5 307 24 5 12 10 3 2 6 1 2 0 0 4 6 6 1 425  0.722
MT&S 1 0 2 2 4 1 4 8 84 4 1 1 2 0 2 2 0 1 0 0 0 2 1 122 0.689
SF 1 3 3 9 6 5 1 7 2 91 5 1 12 5 4 2 3 1 0 1 1 1 2 166  0.548
HCG 3 8 1 1 2 1 1 7 2 8 139 15 4 1 6 4 1 2 2 6 7 5 6 232 0.599
MCG 3 6 0 1 2 2 0 4 1 2 11 97 3 2 2 4 3 0 4 3 12 5 2 169 0.574
LCG 1 3 0 2 0 0 1 2 3 4 4 4 86 1 9 9 5 1 2 2 4 1 6 150  0.573
BD 0 0 1 1 3 0 0 0 0 1 0 0 2 170 4 10 10 2 1 8 1 1 4 219  0.776
RA 2 10 3 1 4 0 2 3 1 7 5 4 13 8 101 6 1 0 1 2 7 6 3 190 0.532
HS 3 1 1 0 2 0 0 1 1 0 4 0 5 15 6 89 12 1 1 7 5 7 10 171 0.520
oS 0 0 0 0 0 0 0 0 0 0 1 0 2 0 0 3 101 0 0 0 0 1 1 109  0.927
GH 1 3 0 1 1 0 0 0 1 0 1 0 2 0 0 1 1 125 0 7 0 1 1 146  0.856
WT 5 0 0 0 1 1 0 0 1 0 1 2 1 0 1 2 2 1 138 1 6 4 3 170  0.812
BL 1 0 1 4 0 0 0 0 1 0 2 2 2 0 1 3 2 1 0 92 1 1 1 115  0.800
OM 1 0 0 0 2 0 2 2 1 1 3 2 1 0 1 2 0 0 5 0 81 3 9 116  0.698
CSs 0 0 0 0 0 0 1 3 0 0 1 1 0 1 0 4 0 0 2 0 4 91 2 110  0.827
IF 0 1 0 1 0 0 0 0 1 0 4 0 1 2 2 3 2 1 1 7 0 1 91 118  0.771

Total 148 475 176 148 213 172 148 386 148 148 214 148 148 220 155 152 148 148 167 148 148 148 148 4254
UA. 0764 0872 0.824 0709 0.751 0.831 0.723 0.795 0.568 0.615 0.638 0.655 0.581 0.773 0.652 0586 0.601 0.845 0.826 0.622 0.547 0.615 0.615

O.A. 0.722
Kappa 0.706

Note: WF = Water field; DC = Dry cropland; OC = Orchard; NS = Nursery; TBF = Tree broadleaf forest; TCF = Tree coniferous forest; MCF = Mixed coniferous forests; SL = Shrubland;
MT&S = Mixed forests with trees and shrubs; SF = Sparse forest; HCG = High coverage grassland; MCG = Medium coverage grassland; LCG = Low coverage grassland; BD = Building;
RA =Road; HS = Hardened surface; OS = Open-air stadium; GH = Greenhouse; WT = Water; BL = Bareland; OM = Opencast mining; CS = Construction site; IF = Industrial facilities.
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Figure 9. Percentage of confusion for 23 fine-grained land-cover types.

In addition, Table 4 summarizes the accuracy matrix for seven major land-cover types
in the Beijing-Tianjin-Hebei region. Combining fine-grained land-cover types with similar
characteristics has significantly improved the classification accuracy, resulting in an overall
accuracy of 80.3% and a kappa coefficient of 0.7602. Compared to the accuracy metrics
in Table 3, the current classification differences are mainly concentrated in forest and
impervious surface types. The average PA of forests and impervious surfaces increased
from 0.644 to 0.768 and 0.726 to 0.859. This demonstrates the level of confusion between
similar fine-grained land-cover types.

Table 4. The accuracy matrix for seven main land-cover types.
CL FST SL GL IMP WT BL Total PA.
CL 937 24 22 24 38 6 11 1062 0.882
FST 49 550 56 25 29 3 4 716 0.768
SL 23 40 417 20 21 0 8 529 0.788
GL 48 31 20 398 61 7 34 599 0.664
IMP 31 21 9 23 789 7 38 918 0.859
WT 6 6 1 8 13 136 12 182 0.747
BL 1 9 9 12 20 8 189 248 0.762
Total 1095 681 534 510 971 167 296 4254
U.A. 0.856 0.808 0.781 0.78 0.813 0.814 0.639
O.A. 0.803
Kappa 0.7602

Note: CL = Cropland, FST = Forest, SL = Shrubland, GL = Grassland, IMP = Impervious surface, WT = Water, and
BL = Bareland.

4.4. Comparison with Other Land-Cover Products

We conducted a quantitative assessment and visual validation on the four used land-
cover products: CLCD-2017 [43], FROM-GLC10 [15], ESA_GLC10[16], and ESRI_GLC10[17].
Table 5 presents detailed information for the four land-cover products.
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Table 5. The detailed information of four land-cover products.
Land-Cover Products Resolution Classification System Data Source Classification Method
CLCD 30 m 9 Landsat-8 Random forest classifier
FROM-GLC 10m 10 Sentinel-2 Random forest classifier
ESA_GLC 10 m 11 Sentinel-1, Sentinel-2 Deep learning
ESRI_GLC 10 m 10 Sentinel-2 Deep learning (UNet)
To better validate the accuracy and usability of JJJLC-10, we conducted a quantitative
assessment using Level I validation samples for JJJLC-10, ESRI, FROM-GLC, ESA, and
CLCD. Table 6 presents the overall accuracy (OA), kappa coefficient, user’s accuracy (UA),
and producer’s accuracy (PA) for different categories of the compared products. The results
indicate that JJJLC-10 exhibits the best performance, with an overall accuracy of 80.3% and
a kappa coefficient of 76.02%. Following closely are ESA, FROM-GLC, and CLCD, with
overall accuracies of 79.1%, 77.5%, and 75.9%, respectively. ESRI has the lowest overall
accuracy at 69.5%, showing particularly low accuracy in categories such as forest, grassland,
and bareland compared to the other products. In summary, JJJLC-10 demonstrates higher
accuracy levels in the majority of categories compared to the other products.
Table 6. Comparison of mapping accuracy based on Level I validation samples.
CL FST SL GL IMP WT BL OA Kappa
UA 0.856 0.808 0.781 0.78 0.813 0.814 0.639
JJJ-LC10 0.803 0.7602
PA 0.882 0.768 0.788 0.664 0.859 0.747 0.762
UA 0.798 0.648 0.684 0.590 0.713 0.737 0.541
ESRI 0.695 0.631
PA 0.859 0.687 0.639 0.512 0.814 0.559 0.6438
UA 0.814 0.752 0.798 0.751 0.815 0.749 0.564
FROM-GLC 0.775 0.727
PA 0.893 0.808 0.741 0.616 0.872 0.644 0.515
UA 0.824 0.780 0.822 0.737 0.819 0.760 0.652
ESA 0.791 0.746
PA 0.898 0.8812 0.742 0.660 0.874 0.668 0.578
UA 0.807 0.731 0.785 0.692 0.799 0.731 0.561
CLCD 0.759 0.705
PA 0.901 0.781 0.734 0.597 0.854 0.619 0.452

Note: CL = Cropland, FST = Forest, SL = Shrubland, GL = Grassland, IMP = Impervious surface, WT = Water, and
BL = Bareland.

As illustrated in Figure 10, we selected five representative regions covering distinct
landscape environments to demonstrate the overall performance of the JJJLC-10 land-
cover product.

In general, JJJLC-10 exhibited high spatial consistency with the CLCD-2017, ESA_GLC10,
and FROM-GLC10 land-cover products, providing a relatively accurate description of
the spatial distribution of different land-cover types. In contrast, the ESRI_GLC10 land-
cover product has the worst overall performance, with obvious confusion among cropland,
forest, and grassland. It also exhibits unstable performance in transitional regions, such
as the occurrence of evident patch effects when cropland transitions into grassland or
forest. CLCD-2017, FROM-GLC10, and ESA_GLC10 demonstrated fine land-cover detail
information but performed poorly on elongated land-cover types, such as roads and narrow
rivers. Compared to these products, JJJLC-10 provides more accurate and fine-grained
classification results and exhibits excellent performance in elongated land-cover types such
as roads and rivers.
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Figure 10. Comparison between JJJLC-10 and other land-cover products. (a—e) shows five typical
areas covering different landscape settings.

5. Discussion
5.1. Exploration of a Stable Classification System at 10 m Resolution

We employed the proposed deep iterative fine-grained classification system method
to explore the classification system suitable for Sentinel-2 data. Through the repetitive
training of the sample dataset and optimization of the classification system, we ultimately
obtained the most stable classification system at this resolution.

Figure 11 illustrates the land-cover classification results obtained at different iteration
stages. In the first iteration, we used a sample dataset containing 91 land-cover types to
train the model and establish the initial classification system. Then, using the trained initial
model, we predicted the target area, manually interpreted and statistically analyzed the
initial classification results, and merged categories that lacked discriminative capability at
this resolution. Following this, we retrained the model using the streamlined classification
system and predicted the target area again. In the second iteration, there was a significant
salt-and-pepper effect between ground objects, especially in the building area. Due to the
too-detailed division, the continuity of the road was hindered, resulting in the classification
results showing fragmentation and unnatural visual effects. In the third iteration, we
observed a reduction in the fragmentation of land-cover patches, yet the salt-and-pepper
noise between land features still existed. There was noticeable confusion between land
features with similar characteristics, and the representation of some slender features in the
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classification results lacked smoothness. Moving into the fourth iteration, we noticed a
significant reduction in the salt-and-pepper effect, and the overall shape of the land-cover
patches became more coherent. This change indicated that the gradual optimization of the
classification system over the three iterations substantially enhanced the consistency and
continuity of the land-cover classification results. We progressively optimized and stream-
lined the initial classification system through multiple iterations, ultimately constructing a
stable classification system encompassing 23 land-cover types. This iterative process makes
land-cover classification more detailed and accurate.

[teration 3 [teration 4

Figure 11. The land-cover classification results were obtained at different iteration stages.

5.2. Slender Land-Cover Type Mapping Optimization

Firstly, the independent training of the inferior feature approach was used to optimize
the slender land-cover type. Figure 12 presents the local effect comparisons before and after
cartographic optimization. To demonstrate the reliability of the proposed method, three
different road scenarios were selected for comparison. Region one depicts the complex
urban road background due to the intricate distribution of roads and is easily affected by
the surrounding buildings. This leads to the phenomenon of disconnection and adhesion of
roads in the prediction process. After optimization, the optimized road connectivity is more
robust and reduces the adhesion phenomenon between different roads, which is consistent
with the real road information. Region two is the background area of overpasses, where the
shadows of upper-level roads at road intersections can obscure lower-level roads, leading
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Region one

Region two

to the insufficient extraction of road detail information and consequential instances of
missed detection. However, optimized road capture includes more local detail information
and mitigates missed detection issues. Region three represents areas where roads are
mixed with vegetation: roads are often obstructed by trees and shadows, making extraction
challenging. However, the optimized results can almost completely extract obscured roads.
Our method reduces the phenomenon of missed road detection and adhesion to a certain
extent, thus ensuring the integrity and connectivity of the road.

Three representative waters were selected for comparison. Region one is a large lake.
Due to the presence of surrounding vegetation and shadows, the multi-classification model
extraction is ineffective, resulting in a significant number of misclassifications. However,
when more attention is paid to this category, the phenomenon of misclassification is
improved. Region two is a large river whose shape is usually more complicated, showing
curved or bifurcated shapes. This often leads to misclassification at the edge of the water
body. However, the optimized visualization results are relatively complete. Region three
consists of small rivers, where the surrounding vegetation and shadows significantly
interfere with the classification of small rivers, resulting in disconnection. However, the
small rivers can maintain their inherent shape after optimization. In general, the optimized
results significantly improve the phenomenon of misclassification and disconnection and
enhance the overall coherence of water.
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(a) Comparison of local effects before and after road optimization.

Figure 12. Cont.
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(b) Comparison of local effects before and after water optimization.

Figure 12. Local comparison map before and after optimization of slender features. (a) shows the
local effect comparison map before and after road optimization; (b) shows the local effect comparison
map before and after water optimization.

Secondly, we used the voting method to integrate the road and water prediction results
into the multi-classification prediction results, which improved the generalization ability
of slender objects in complex scenarios. Figure 13 illustrates the land-cover classification
results before and after the integration of slender features, from which it can be seen that
the problems of missed detection and disconnection of roads and water are effectively
solved after the integration. The overall classification results are more in line with the
real-world geographical scene distribution.
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Figure 13. Comparison of the effect before and after the integration of slender ground objects.

6. Conclusions

This paper proposes a mapping framework for fine-grained land-cover classification,
aiming to produce large-scale land-cover products with fine-grained land-cover types.
Firstly, we propose an iterative method for a fine-grained classification system, exploring
a stable classification system tailored to a specific sensor for the target area. Through
multiple iterations and the optimization of the classification system, we ultimately con-
structed a stable classification system for Sentinel-2 data, encompassing 23 land-cover
types. Furthermore, we enhanced the model by introducing a pyramid pooling module on
the basis of Swin-UNet and designed a combination loss function based on class balance.
Additionally, while leveraging spatial relationships in natural features as clues, we used a
voting algorithm to integrate predictions from the overall classification model and slender
features. This approach addresses the challenges encountered in large-scale scenes, such as
varying scales of target features, imbalanced sample quantities, and the weak connectivity
of slender features.

To evaluate the performance of the proposed framework, we selected the 2017 Sentinel-
2 image covering the Beijing-Tianjin—Hebei region as our experimental data. We produced
the fine-grained land-cover product JJJLC-10 for this region, which covered 23 land-cover
types. Subsequently, we conducted a validation of JJJLC-10 using a dataset comprising
4254 visually interpreted validation samples. The validation results demonstrate that
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within the I-level validation system, JJJLC-10 achieved an overall accuracy of 80.3% and a
kappa coefficient of 0.7602, covering seven land-cover types. Within the II-level validation
system, it achieved an overall accuracy of 72.2% and a kappa coefficient of 0.706, covering
23 land-cover types. Compared with the four land-cover products covering the Beijing—
Tianjin—-Hebei region, our analysis reveals that JJJLC-10 accurately represented the spatial
distribution of various land-cover types, excelling in the classification of slender features
like roads and water. Overall, JJJLC-10 exhibited significant advantages over 10 m resolution
land-cover products in terms of classification quantity, classification accuracy, and spatial
detail. In future research, we will continue our in-depth research to explore land-cover
products with higher accuracy and more refined categories.
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