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Abstract: Generating high-resolution land cover maps using relatively lower-resolution remote
sensing images is of great importance for subtle analysis. However, the domain gap between real
lower-resolution and synthetic images has not been permanently resolved. Furthermore, super-
resolution information is not fully exploited in semantic segmentation models. By solving the
aforementioned issues, a deeply fused super resolution guided semantic segmentation network using
30 m Landsat images is proposed. A large-scale dataset comprising 10 m Sentinel-2, 30 m Landsat-8
images, and 10 m European Space Agency (ESA) Land Cover Product is introduced, facilitating
model training and evaluation across diverse real-world scenarios. The proposed Deeply Fused
Super Resolution Guided Semantic Segmentation Network (DFSRSSN) combines a Super Resolution
Module (SRResNet) and a Semantic Segmentation Module (CRFFNet). SRResNet enhances spatial
resolution, while CRFFNet leverages super-resolution information for finer-grained land cover
classification. Experimental results demonstrate the superior performance of the proposed method
in five different testing datasets, achieving 68.17–83.29% and 39.55–75.92% for overall accuracy and
kappa, respectively. When compared to ResUnet with up-sampling block, increases of 2.16–34.27%
and 8.32–43.97% were observed for overall accuracy and kappa, respectively. Moreover, we proposed
a relative drop rate of accuracy metrics to evaluate the transferability. The model exhibits improved
spatial transferability, demonstrating its effectiveness in generating accurate land cover maps for
different cities. Multi-temporal analysis reveals the potential of the proposed method for studying
land cover and land use changes over time. In addition, a comparison of the state-of-the-art full
semantic segmentation models indicates that spatial details are fully exploited and presented in
semantic segmentation results by the proposed method.

Keywords: deep learning; super resolution; land cover; Sentinel; Landsat; semantic segmentation;
remote sensing

1. Introduction

Satellite-derived Land Use and Land Cover (LULC) products serve as vital data
sources for an increasing number of applications, such as urban planning [1], ecological
evaluation [2], climate change analysis [3], agricultural management [4], and policy mak-
ing [5]. In light of a rapidly developing world, higher resolution and regularly updated
LULC maps are required [6]. So far, annual LULC products have been produced even at a
global scale, including the Moderate Resolution Imaging Spectroradiometer (MODIS) land
cover-type product MCD12Q1 [7,8] (2001–2018, 500 m), European Space Agency Climate
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Change Initiative (ESA-CCI) Land Cover [9,10] (1992–2020, 300 m), and Copernicus Global
Land Service Dynamic Land Cover Map (CGLS-LC100) (2015–2019, 100 m). However, these
global products have coarse spatial resolutions. With the free availability of high-resolution
satellite data, e.g., Landsat (30 m in visible and near-infrared bands) and Sentinel (10 m),
land cover maps with more spatial detail can be generated. Recently, higher-resolution
satellite-derived global urban land cover maps are available. Gong et al. [11] generated
and publicly released the first 30 m global land cover product in 2010, i.e., Finer Reso-
lution Observation and Monitoring of Global Land Cover (FROM-GLC). More recently,
30 m FROM-GLC for the years 2010/2015/2017, 10 m FROM-GLC in 2017 [12], and 10 m
ESA WorldCover Product for 2020 and 2021 [13] have been produced. In 2022, the first
near real-time global product using Sentinel images, Dynamic World [14], with the spatial
resolution of 10 m, was proposed. Although the spatial resolution and temporal frequency
of these products are significantly improved, 10 m products only provide LULC data
preceding 2015 since the 10 m Sentinel-2 satellite was launched on 27 June 2015. For longer
time-series high-resolution satellites images (1984–current), the 30 m Landsat offers suitable
alternatives but fails to provide fine-grained LULC information. Therefore, generating
high-resolution LULC maps using relatively lower-resolution remote sensing images is of
great importance.

In general, there are two kinds of approaches to generate high-resolution maps from
lower-resolution images: stage-wise and end-to-end approaches (Table 1). Stage-wise
approaches conduct semantic segmentation and super resolution (SR) independently [15].
For example, Cui et al. [16] proposed a novel stage-wise green tide extraction method for
MODIS images. In this method, a super resolution model was trained with high spatial
resolution Gaofen-1, and then semantic segmentation network for images with improved
spatial resolution was introduced. Fu, et al. [17] proposed a method to classify marsh vege-
tation using multi-resolution multi-spectral and hyperspectral images, where independent
super resolution and semantic segmentation techniques were employed and combined.
Zhu et al. [18] proposed a CNN-based super-resolution method for multi-temporal classifi-
cation. It was conducted in two stages: image super-resolution preprocessing and LULC
classification. Huang, et al. [19] employed Enhanced Super-Resolution Generative Adver-
sarial Networks for super-resolution image construction, subsequently integrating semantic
segmentation models for the classification of tree species. Since restored images with better
super resolution quality do not always guarantee better semantic segmentation results
and super-resolution and semantic segmentation can promote each other [20], end-to-end
approaches with interaction between these two tasks are introduced. Xu et al. [15] proposed
an end-to-end network to extract high-resolution building maps from low-resolution, and
high-resolution images are not needed in the training phase. In [21], the multi-task encoder-
decoder network accepts low-resolution images as input and uses two different branches
for super resolution and segmentation. Information interaction of these two subtasks is re-
alized via shared decoder and overall weighted loss. Similar work in [22] used a multi-loss
approach for training a multi-task network. In addition, a feature affinity loss was added
to combine the learning of both branches. Salgueiro et al. [23] introduced a multi-task
network designed to generate super-resolution images and semantic segmentation results
utilizing freely available Sentinel-2 imagery. These studies jointly train super resolution and
semantic segmentation using overall loss function, and information interaction between the
two tasks relies on shared network structures. These kinds of networks attempt to solve the
super resolution and semantic segmentation simultaneously, which can work well when
high-resolution target images and low-resolution input images are just original images
and their corresponding down-sampling results. The pivotal consideration is to attain an
optimal balance in multi-task joint learning. However, in real-world situations, remote
sensing images suffer from various image degradation factors such as blur and noise, due
to imperfect illumination, atmospheric propagation, lens imaging, sensor quantification,
temporal difference, etc. [24]. Therefore, super resolution for real multi-resolution satellite
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images is more challenging. When coupled with the semantic segmentation task and
treated equally, super resolution limits the final segmentation performance.

Table 1. A summary of approaches to generate high-resolution maps from lower-resolution images.

Category Description Characteristics References

Stage-wise
methods

Perform semantic
segmentation and

super resolution tasks
independently.

Enhanced super-resolution quality in
restored images does not consistently

lead to improved semantic segmentation
outcomes.

[16–19]

End-to-end
methods

These two tasks are
integrated within an
end-to-end network.

Super-resolution and semantic
segmentation can promote each other,

but the balance of multi-task joint
learning should be carefully handled.

[15,21–23]

Super resolution aided semantic segmentation is another research direction where
semantic segmentation and super resolution are considered as main and auxiliary tasks,
respectively. As stated in [25], main tasks are designed to produce final required output
for an application, and auxiliary tasks serve for learning and supporting the main tasks.
Following this research trajectory, in [26], the main task is land cover classification and the
super resolution task aims to increase the resolution of remote sensing images. In [27], a
target-guided feature super resolution network is proposed for vehicle detection, where
features of small objects are enhanced for better detection results. However, a few existing
methods have attempted to consider super resolution just as an auxiliary task by introduc-
ing a guidance module for main tasks under the constraint of super resolution. However,
these methods still train the whole network in an end-to-end manner using a multi-task
loss function. In addition, the employed datasets are just high-resolution remote sensing
images and down-sampled low-resolution ones.

In summary, there are two main challenges in generating high-resolution LULC maps
using relatively lower-resolution remote sensing images. Firstly, it is a predicament to
guarantee the consistency of image degradation factors for real multi-resolution satellite
images. Therefore, synthetic lower-resolution images generated by simple degradation
models (e.g., bicubic down-sampling) can lead to domain gap, making models that do
not generalize well to real-world data. At present, this domain gap between real lower-
resolution and synthetic ones is very common and has not been solved. Second, higher
super resolution accuracy does not guarantee better higher classification performance,
especially for real multi-resolution satellite images. The general end-to-end training with
multi-task loss function cannot deal with this problem. Therefore, how to treat the different
tasks is very crucial. Based on these aforementioned problems, the deeply fused super
resolution guided semantic segmentation network using real lower-resolution images is
proposed. The main contributions of this article are reflected in the following aspects.

(1) We introduce an open-source, large-scale, diverse dataset for super resolution and
semantic segmentation tasks, situated within real-world scenarios. This dataset serves
as a pivotal resource, directing the capturing of intricate land cover details from lower-
resolution remote sensing images. In this dataset, the testing and training data are
from different cities, which enables performance evaluation in terms of generalization
capability and transferability.

(2) We present a novel network architecture named the Deeply Fused Super Resolu-
tion Guided Semantic Segmentation Network (DFSRSSN), which combines super
resolution and semantic segmentation tasks. By enhancing feature reuse of the super-
resolution module, preserving detailed information, and fusing cross-resolution fea-
tures, the finer-grained land cover information using lower-resolution remote sensing
images was achieved. By integrating the super-resolution module into the semantic
segmentation network, our model achieves generation of 10 m land cover maps using
30 m Landsat images, effectively enhancing spatial resolution. For training the entire
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network, we leverage pre-trained super resolution parameters to initialize the weights
of the semantic segmentation module. This strategy expedites model convergence
and improves prediction accuracy.

An overview of the created dataset for the super resolution guided semantic segmen-
tation method is provided in Section 2. The proposed method is presented in Section 3,
followed by the experiments and analysis of the experimental results in Section 4. Finally,
Section 5 concludes this article.

2. Dataset and Methodology

In this paper, we created a dataset for a super resolution guided semantic segmentation
network. Based on this dataset, we propose a novel deeply fused super resolution guided
semantic segmentation network, denoted as DFSRSSN, for the purpose of generating 10 m
land cover product from Landsat imagery, as shown in Figure 1. The DFSRSSN comprises
two fundamental components: (1) a super resolution module, i.e., Super Resolution Resid-
ual Network (SRResNet), and (2) a semantic segmentation module, i.e., Cross-Resolution
Feature Fusion Network (CRFFNet). The performance of SR inherently affects the semantic
segmentation module since SR features are fused in the semantic segmentation module.
First, we train the super resolution module to achieve the maximum possible SR perfor-
mance with the given architecture and data. Subsequently, pre-trained SR parameters,
obtained through SRResNet, are leveraged as the initial weights during the training of
the semantic segmentation module. This facilitates faster model convergence and higher
prediction accuracy. This two-step training process enables the semantic segmentation
module to learn to effectively leverage the predicted super resolution related information
to enhance the classification of land cover types.
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2.1. Dataset

The proposed dataset contains a total of 10,375 image patches (3.84 km × 3.84 km).
This dataset includes 10 m Sentinel-2 images, 30 m Landsat-8 images, and 10 m European
Space Agency (ESA) Land Cover Product. It should be noted that the ESA Land Cover
products are mapped globally at a 10 m resolution for the years 2020 and 2021, utilizing
Sentinel-1 and Sentinel-2 images. In addition, 8 categories of land cover (i.e., tree cover,
shrubland, grassland, cropland, built-up, bare/sparse vegetation, permanent water bodies,
and herbaceous wetland) are considered. In the experiments, Landsat-8 images with blue,
green, red, and near-infrared bands (Band 2, Band 3, Band 4, and Band 5, respectively)
were used as input, and Sentinel-2 images with the same four bands (B2, B3, B4, and B8,
respectively) and 10 m ESA Land Cover Product of the year 2020 (ESA 2020) were used as
output for super resolution and semantic segmentation tasks, respectively. The ESA 2020
achieved a global overall accuracy of 74.4%, as reported in [28].

For model training and validation, a total of 20 Chinese cities were selected (Table 2),
including 2 first-tier cities, 1 second-tier city, 8 third-tier cities, 6 fourth-tier cities, and 3
fifth-tier cities. The 8707 image patches (3.84 km × 3.84 km) of these Chinese cities were
split into 80% for training and 20% for testing (dataset I). In addition, a total of 4 cities,
i.e., Wuhan, China (II); Kassel, Germany (III); Aschaffenburg, Germany (IV); and Joliet, US
(V), were selected as additional testing datasets. The percentages for different land cover
types in ESA Land Cover Product for the five different testing sets are provided in Table 3.
Dataset I has the same or similar data distribution as the training data since the data are
from the same cities (i.e., 20 Chinese cities). The other four testing datasets (II–V) and
training data are from different cities. Therefore, dataset I serves to evaluate model fitting
performance on the training dataset, and datasets II–V can be used to properly evaluate the
generalization capability and transferability of the model [29].

Table 2. Training and validation samples (3.84 km × 3.84 km) for our study.

City Category Cities # of Samples

First-tier cities Chengdu 784
Changsha 170

Second-tier cities Nanchang 529

Third-tier cities Shangrao 324
Jiujiang 414
Zunyi 650
Mianyang 405
Xiangtan 567
Zibo 275
Cangzhou 289
Baoding 425

Fourth-tier cities Jingdezhen 169
Yingtan 440
Yibin 279
Heze 196
Binzhou 784
Dezhou 588

Fifth-tier cities Fengcheng 63
Zhaotong 756
Hengshui 600

Total 8707
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Table 3. Percentages of the different land cover types (1–8) for datasets I–V.

Dataset 1 2 3 4 5 6 7 8

I 28.02 0.15 7.10 45.42 8.13 5.62 3.92 1.64
II 19.72 0.03 2.08 41.62 10.99 12.16 12.16 1.24
III 46.56 0.00 18.38 30.30 3.82 0.46 0.47 0.01
IV 54.04 0.00 18.77 22.37 3.92 0.46 0.43 0.01
V 14.41 0.00 8.72 69.81 2.81 1.35 2.71 0.19

Land cover types (%): 1 tree cover, 2 shrubland, 3 grassland, 4 cropland, 5 built-up, 6 bare/sparse vegetation,
7 permanent water bodies, 8 herbaceous wetland.

In dataset I, the land cover class distribution is extremely unbalanced, ranging from
0.15% for shrubland to 45.42% for cropland. Furthermore, the class distribution varied
among the other four datasets, exhibiting diverse compositions across different land cover
types. Specifically, the majority class type for datasets III and IV is tree cover (46.56% and
54.04%, respectively), and the majority class type for datasets II and V is cropland (41.62%
and 69.81%, respectively). Shrubland and herbaceous wetland are extremely rare minority
classes with extremely low percentages. Therefore, generating 10 m LULC products using
30 m Landsat images not only faces challenges related to spatial resolution gap and absence
of true labels but also involves addressing the issue of an extremely imbalanced long-tailed
distribution of land cover classes.

2.2. Super Resolution Module

The super resolution module, built upon the SRResNet architecture, is deployed
with the primary objective of improving the spatial resolution of low-resolution images
(denoted as Im_LR). The spatial resolution is improved by learning a mapping between low-
resolution images (Im_LR) and high-resolution images (Im_HR) while preserving spectral
information. The SRResNet, employed as the underlying framework, is characterized by
a succession of residual blocks, local and global residual connections, and a pixel shuffle
block [30]. The selection of SRResNet for this task is predicated on several rationale-driven
considerations. First, the utilization of local and global residual learning can alleviate
gradient vanishing problems in deep models, making it feasible to enhance the network
performance in learning middle-frequency and high-frequency features and super-resolving
images [31]. Secondly, the integration of the pixel shuffle block within SRResNet plays a
pivotal role in suppressing the deleterious effects of redundant features on super resolution
results. In comparison to the conventional transpose convolution methods, the pixel
shuffle block proves to be superior in its ability to yield super resolution results [32]. It is
noteworthy that the implementation of SRResNet in this study predominantly comprises
48 residual blocks and a shuffle block.

Peak signal-to-noise ratio (PSNR) and structural similarity index (SSIM) are two
fundamental quantitative metrics for assessing the degree of similarity between super
resolution images and their corresponding high-resolution counterparts. PSNR serves as
a measure of image reconstruction quality with regard to noise. This is accomplished by
comparing the grayscale values of corresponding pixels. On the other hand, SSIM delves
into a more comprehensive evaluation by taking into account three key facets of image
structure, namely brightness, contrast, and structure pattern [33].

To ensure the preservation of pixel grayscale values and fine spatial details of the image,
both PSNR and SSIM are integrated into the loss function. It is imperative to note that
larger PSNR and SSIM values correspond to a superior quality of super resolution images.
Accordingly, the training objective of the SRResNet revolves around the minimization of
the ensuing loss function, denoted as follows:
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Loss(Im_SR, Im_HR) = −PSNR(Im_SR, Im_HR)− SSIM(Im_SR, Im_HR) (1)

2.3. Semantic Segmentation Module

For the task of semantic segmentation, we have opted for the ResUnet architecture as
our foundational framework. This architectural choice is particularly well-suited for facili-
tating precise pixel-to-pixel semantic segmentation. ResUnet achieves this by establishing
connectivity between coarse multi-level features extracted from the initial convolutional
layers within the encoder and the corresponding layers within the decoder through the
utilization of skip connections, thus synergizing the strengths inherent in both the Unet
and residual learning [34].

In this study, we have employed a ResUnet variant characterized by a nine-level
architecture, indicating the depth of blocks in the network. This modified ResUnet archi-
tecture takes low-resolution images (Im_LR), super resolution images (Im_SR), and super
resolution features (Fea_SR) as input, with the objective of producing a land cover (LC)
map at a higher resolution. Consequently, adaptations to the classical ResUnet framework
were imperative to address the challenge of cross-resolution feature fusion, resulting in the
formulation of the CRFFNet.

As illustrated in Figure 1, the CRFFNet contains three primary components, namely,
an encoder with multiple inputs, up-sampling blocks, and the multi-level feature fusion
within the decoder. More specifically, the Siamese encoder is structured with four down-
sampling blocks, which share weights and serve the purpose of feature extraction. The
input to the encoder is an image pair, i.e., Im_LR and Im_SR. Subsequently, the down-
sampled convolutional features are fused and fed into the Siamese decoder. However, it is
essential to recognize that differences exist in the spatial dimensions of features derived
from Im_LR and Im_SR at corresponding encoder levels. To address this incongruity, the
up-sampling block (UP) is introduced for features derived from Im_LR, which is composed
of two convolutions followed by bilinear interpolation up-sampling. In this manner, the
cross-resolution feature fusion is described as follows:

Fi
f use = cat(FSR, UP(F LR, s f ), de

(
Fi−1

f use

)
) (2)

where FLR ∈ Rc×h×w and FSR ∈ Rc×(s f×h)×(s f×w) denote the features derived from Im_LR
and Im_SR, respectively, through the encoder. The variables c, h, and w represent the
number of channels, height, and width of the features, while sf denotes the up-sampling
factor. In this paper, sf is set as 3 since the spatial resolution of Im_LR is 3 times that in
Im_SR. The term de represents deconvolution operations with a scale of 2 to up-sample the
fused features at the previous level. In this way, the fused features at the ith level (Fi

f use) of
the decoder are concatenated (cat) by FSR, UP features for FLR with the scaling factor of sf,
and deconvolution operations of features from the (i − 1)th level (Fi−1

f use).
Furthermore, to utilize the valuable features learned during the super resolution task

and multi-scale features in the semantic segmentation task, the pixel shuffle outputs from
the final residual blocks in the SRResNet and UP of different-level features in the decoder
are concatenated with the output from the last up-sampling block in ResUnet. Ultimately,
three convolution layers are employed to generate the final land cover map.
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2.4. Implementation Details

Our model is implemented on the PyTorch framework, leveraging the computational
power of a single NVIDIA RTX 4090 GPU. For optimization, we employed the Adam
optimizer with a learning rate of 5 × 10−4 to minimize the loss function. The size of each
input batch is 128 × 128 pixels with four spectral bands, and the batch size is set to 8. A
total of 50 epochs is set for SRResNet and DFSRSSN to facilitate model convergence.

As for the evaluation of the proposed segmentation network, overall accuracy (OA) [35]
and kappa coefficient (KC) [36] were used to evaluate the overall performance. We used
user’s accuracy (UA) [37], producer’s accuracy (PA) [37], and F1 score [38] to evaluate the
ability to classify different land cover types. These metrics are defined as follows:

OA =
∑n

i=1 xi+

N
(3)

Kappa =
N∑n

i=1 xii − ∑n
i=1(xi+ × x+i)

N2 − ∑n
i=1(xi+ × x+i)

(4)

UA =
xii
xi+

(5)

PA =
xii
x+i

(6)

F1 = 2
UA × PA
UA + PA

(7)

where xii is the number of correctly classified pixels for the ith land cover type; xi+ and
x+i is the number of pixels for the ith land cover type in the classification result and
reference data, respectively; n and N are the total number of land cover types and samples,
respectively. OA is calculated as the ratio between the number of correctly classified pixels
and the total number of pixels. KC is also used to measure the agreement between the
classified result and the reference data but excluding chance agreement [35]. KC is more
appropriate with imbalanced class distributions than OA. UA quantifies the proportion
of ith land cover type in the classification result consistent with the reference data, while
PA quantifies the probability of ith land cover type on the ground correctly classified by
the classification result, thereby indicating commission errors and omission errors [39].
F1 score, the harmonic mean of UA and PA, is a tradeoff metric to quantify class-wise
commission errors and omission errors [40].

3. Results
3.1. Overall Performance

The ResUnet with up-sampling block (ResUnet_UP) was compared to our proposed
DFSRSSN in order to identify the role of super-resolution guided information to improve
finer-resolution segmentation results. The ResUnet_UP only takes Im_LR (30 m) as input
to the encoder, and each down-sampled convolutional feature is up-sampled by bilinear
interpolation up-sampling to ensure the generation of 10 m land cover map. Figure 2
presents four representative examples of land cover mapping results using Landsat-8
images. Table 4 summarizes the OA and Kappa of the two methods. Compared to the
ESA in Figure 2e, the proposed method can better identify different land cover types while
retaining fine spatial details. For built-up areas mainly consisting of roads and buildings,
with the aid of super-resolution information, more precise and accurate boundaries can be
obtained. For tree cover, ResUnet_UP failed to capture accurate boundaries and contains
more misclassification errors.
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From the quantitative accuracy analysis, DFSRSSN can improve OA from 77.49% to
83.29% and Kappa from 67.60% to 75.92% for dataset I. When the other four datasets were
tested, DFSRSSN performed better in OA and Kappa. In the testing dataset II, there was
a gain of 9.03% and 10.34% for OA and Kappa. For the three remaining testing datasets,
significant increases in Kappa were observed, i.e., 43.97%, 29.44%, and 18.07%. Therefore,
according to the comparison between ResUnet_UP and DFSRSSN in terms of OA and Kappa,
the integration of super-resolution guided information in semantic segmentation networks
is effective. However, a severe performance drop for testing datasets II–IV (OA ranging
from 68.17% to 73.71%) can be observed compared to that of dataset I (OA of 83.29%),
which is attributed to the fact that datasets II–IV have a quite different distribution from
the training data.

Table 4. Overall accuracy (OA) (%) and Kappa coefficient (%) of ResUnet with up-sampling
block (ResUnet_UP) and Deeply Fused Super Resolution Guided Semantic Segmentation Network
(DFSRSSN).

Dataset
ResUnet_UP DFSRSSN

OA Kappa OA Kappa

I 77.49 67.60 83.29 75.92
II 59.14 45.74 68.17 56.08
III 39.44 16.05 73.71 60.02
IV 49.37 28.23 72.90 57.67
V 68.03 21.48 70.19 39.55

3.2. Results of Different Classes

The accuracy of different classes (e.g., PA, UA, and F1 score values) is shown in Figure 3.
The accuracy of the eight land cover types was completely different. In general, across
different datasets, tree cover, cropland, built-up, and water had relatively higher PA, UA,
and F1 score values, while shrubland, grass land, bare/sparse vegetation, and herbaceous
wetland need further improvement. The serious misclassification and omission of these
four land cover classes is consistent with the conclusions reached by Ding, et al. [41] and
Kang, et al. [42], who conducted the accuracy assessment of ESA 2020 in Southeast Asia
and Northwestern China. The high label errors of ESA 2020 used for model training and
testing can lead to an error accumulation especially for uneasily classified types. Therefore,
it is a reasonable performance for our model with pseudo labels.

Compared to ResUnet_UP, the proposed method generally has higher PA, UA, and F1
score values for most land cover types, which further demonstrates that the integration of
super-resolution related information is effective in improving classification performance.
As for the five different testing datasets, PA, UA, and F1 score are the highest in dataset I.
Datasets II–V with different cities in the training data have lower class-specific accuracy val-
ues. However, it should be noted that due to the diverse landscape pattern in different cities
and different imaging conditions, spatial transferability of models trained on specific cities
to a new city is very challenging [43]. To ensure a fair comparison of spatial transferability
between ResUnet_UP and DFSRSSN, we used a relative change rate of corresponding
F1 score values between dataset I and the other datasets (II–V). In addition, the average
of relative change rate for different datasets (II–V) was computed to evaluate the overall
spatial transferability. Specifically, as for the more easily classified land cover types, i.e.,
tree cover, cropland, built-up, and water, F1 scores are 85.54%, 88.27%, 79.66%, and 87.17%,
respectively, in dataset I. An average relative drop rate of 6.98%, 19.55%, 19.29%, and 22.42%
was observed for the four land cover types for DFSRSSN, while average relative drop rates
for ResUnet_UP were 33.84%, 33.94%, 40.09%, and 25.67%. The significant smaller relative
drop rate observed for DFSRSSN indicates better spatial transferability of our proposed
method.
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1 tree cover, 2 shrubland, 3 grassland, 4 cropland, 5 built-up, 6 bare/sparse vegetation, 7 permanent
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4. Discussion
4.1. Multi-Temporal Results

The motivation of the proposed method was to generate 10 m land cover maps using
30 m Landsat images. This means that we can study 10 m level LULC change from 1984
(when 30 m Landsat was launched) until present day. The models were trained with
images of 20 Chinese cities acquired in 2020, data in different cities and different years
may significantly differ from the training data. In addition, for past scenarios preceding
2015, i.e., before the launch of 10 m Sentinel, it is of great significance to use the trained
model to predict 10 m land cover maps. Therefore, multi-temporal results for Wuhan (not
included in the 20 Chinese cities) in 2013 and 2020 were generated, as shown in Figure 4.
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In addition, four zoomed regions of multi-temporal Landsat images, multi-temporal land
covers, and ESA 2000 are selected to visually investigate the classification details. As shown
in Figure 5, relatively obvious boundaries of houses and roads can be extracted by our
proposed method. For some misclassification in ESA 2020, such as omission of some built-
up area, our method can provide more refined result. When comparing multi-temporal
results, small-scale changes such as buildings and road construction, can be captured even
with possible errors. Based on the visual inspection, the multi-temporal land cover results
extracted by the proposed model are reasonable for finer-grained change analysis.

Remote Sens. 2024, 16, x FOR PEER REVIEW 13 of 20 
 

 

covers, and ESA 2000 are selected to visually investigate the classification details. As 
shown in Figure 5, relatively obvious boundaries of houses and roads can be extracted by 
our proposed method. For some misclassification in ESA 2020, such as omission of some 
built-up area, our method can provide more refined result. When comparing multi-tem-
poral results, small-scale changes such as buildings and road construction, can be cap-
tured even with possible errors. Based on the visual inspection, the multi-temporal land 
cover results extracted by the proposed model are reasonable for finer-grained change 
analysis. 

 
Figure 4. The land use and land cover map of Wuhan in (a) 2013 and (b) 2020. 

  

Figure 4. The land use and land cover map of Wuhan in (a) 2013 and (b) 2020.

Similar studies for multi-temporal analysis of Wuhan have been conducted extensively.
For example, in [44], LULC change under urbanization in Wuhan, China from 2000 to
2019 based on continuous time series mapping using Landsat observation (30 m) was
investigated. It was reported that built-up area increased at the expense of cropland
reduction. The area of natural habitat, such as water, forest, and grassland, also declined.
Shi et al. [45] focused on detecting the spatial and temporal change of urban lakes in Wuhan
using a long time series of Landsat (30 m) and HJ-1A (30 m) remotely sensed data from
1987 to 2016 and revealed that most lakes in Wuhan had shrunk and changed to land.
Xin et al. [46] monitored urban expansion using time series of Defense Meteorological
Satellite Program’s Operational Line-scan System (DMSP/OLS) data (1 km). However,
finer-grained change analysis for Wuhan has seldom been conducted. Based on the multi-
temporal results for Wuhan in 2013 and 2020, the LULC conversion matrix in the period
2013–2020 is presented in Table 5. It can be observed that 285.78 km2 cropland was
changed to built-up area due to urbanization. Under the press of urbanization, the areas of
conversion from tree cover, grassland, bare/sparse vegetation, permanent water bodies,
and herbaceous wetland to built-up area are 98.17 km2, 12.98 km2, 168.16 km2, 18.88 km2,
and 0.98 km2, respectively, which are much smaller than the conversion area from cropland.
The major LULC conversion types are “from cropland to tree cover” and “from cropland to
bare/sparse vegetation”, i.e., 732.90 km2 and 425.93 km2, which further cause a cropland
reduction.



Remote Sens. 2024, 16, 2248 13 of 17

Remote Sens. 2024, 16, x FOR PEER REVIEW 14 of 20 
 

 

 

(a) (b) (c) (d) (e) 

 
Figure 5. Representative scenes of 10 m multi-temporal results for Wuhan: (a) Landsat image in 2013; 
(b) Land cover map in 2013; (c) Landsat image in 2020; (d) Land cover map in 2020, and (e) ESA 
2020. 

Similar studies for multi-temporal analysis of Wuhan have been conducted exten-
sively. For example, in [44], LULC change under urbanization in Wuhan, China from 2000 
to 2019 based on continuous time series mapping using Landsat observation (30 m) was 
investigated. It was reported that built-up area increased at the expense of cropland re-
duction. The area of natural habitat, such as water, forest, and grassland, also declined. 
Shi et al. [45] focused on detecting the spatial and temporal change of urban lakes in Wu-
han using a long time series of Landsat (30 m) and HJ-1A (30 m) remotely sensed data 
from 1987 to 2016 and revealed that most lakes in Wuhan had shrunk and changed to land. 
Xin et al. [46] monitored urban expansion using time series of Defense Meteorological 
Satellite Program’s Operational Line-scan System (DMSP/OLS) data (1 km). However, 
finer-grained change analysis for Wuhan has seldom been conducted. Based on the multi-
temporal results for Wuhan in 2013 and 2020, the LULC conversion matrix in the period 
2013–2020 is presented in Table 5. It can be observed that 285.78 km2 cropland was 
changed to built-up area due to urbanization. Under the press of urbanization, the areas 
of conversion from tree cover, grassland, bare/sparse vegetation, permanent water bodies, 
and herbaceous wetland to built-up area are 98.17 km2, 12.98 km2, 168.16 km2, 18.88 km2, 
and 0.98 km2, respectively, which are much smaller than the conversion area from 
cropland. The major LULC conversion types are “from cropland to tree cover” and “from 

Figure 5. Representative scenes of 10 m multi-temporal results for Wuhan: (a) Landsat image in 2013;
(b) Land cover map in 2013; (c) Landsat image in 2020; (d) Land cover map in 2020, and (e) ESA 2020.

Table 5. Land use and land cover conversion matrix of Wuhan in the period 2013–2020 (km2).

Area 1 2 3 4 5 6 7 8

1 872.53 2.04 59.93 512.69 98.17 141.88 59.66 11.13
2 2.20 0.06 0.34 1.59 0.32 0.38 0.72 0.11
3 89.83 0.46 30.00 97.19 12.98 24.70 21.35 3.77
4 732.90 3.19 152.20 1841.91 285.78 425.93 198.90 49.84
5 103.01 0.32 10.15 161.42 369.04 100.33 18.51 2.01
6 148.83 0.61 22.17 304.65 168.16 163.01 68.61 11.68
7 80.85 3.20 16.37 93.15 18.88 40.16 839.80 40.29
8 7.09 0.26 1.23 12.82 0.98 3.40 36.90 6.39

1: tree cover, 2: shrubland, 3: grassland, 4: cropland, 5: built-up, 6: bare/sparse vegetation, 7: permanent water
bodies, 8: herbaceous wetland.

4.2. Comparison with Other Models

In order to further evaluate the performance of the proposed method, we conducted a
comparative analysis with DFSRSSN which is optimized by multi-task loss (DFSRSSN_MTL)
and three state-of-the-art semantic segmentation methods. DFSRSSN_MTL has the same
network with DFSRRSN but was optimized in a different way. SR and semantic segmenta-
tion (SM) modules were trained simultaneously to minimize the total sum of SR and SM
loss. The three well-known semantic segmentation methods involve Multiattention Net-
work (MANet) [47], Pyramid Scene Parsing Network (PSPNet) [48], and DeepLabV3+ [49].
MANet utilizes self-attention modules to aggregate relevant contextual features hierarchi-
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cally and a multi-scale strategy is designed to incorporate semantic information at different
levels [47]. In PSPNet, the pyramid pooling module is designed to aggregate contextual
information of different scales [50]. DeepLabV3+ employs dilated convolution to enlarge
the receptive field of filters and introduces feature pyramid network to combine features at
different spatial resolutions [51]. All these methods concentrate on extracting multi-scale
information for better semantic segmentation performance. And they use bicubic Landsat
images of 10 m as input. Overall performance in terms of OA and Kappa are in presented in
Table 6. Bold values indicate the best accuracies, and the second-best ones are underlined.
Our proposed model outperforms the three classics, fully segmentation methods that do
not produce an SR image for dataset I. DFSRSSN_MTL has OA of 83.39% (the second best)
and Kappa of 75.89% (the best). DFSRSSN achieved OA of 83.29% (the best) and Kappa of
75.92% (the best). While DFSRSSN_MTL is the best and DFSRSSN is the second best for
dataset III (Kassel, Germany), PSPNet is the best for datasets II and IV. As for dataset V,
MANet is the best, followed by DeepLabV3+ and DFSRSSN_MTL. Therefore, it is con-
cluded that for overall performance our proposed method can achieve the best for data with
similar distribution as training dataset and other more advanced semantic segmentation
models have better transferability due to effective multi-scale feature extraction ability. The
incorporation of our proposed architecture with these semantic segmentation models can
be considered in further work.

Table 6. Overall accuracy (OA) (%) and Kappa (%) of the proposed and compared methods.

Dataset
DFSRSSN DFSRSSN_MTL MANet PSPNet DeepLabV3+

OA Kappa OA Kappa OA Kappa OA Kappa OA Kappa

I 83.29 75.92 83.39 75.89 81.71 73.18 79.95 70.93 81.16 72.59
II 68.17 56.08 68.62 56.03 68.87 55.93 69.57 56.69 66.34 53.35
III 73.71 60.02 73.94 60.19 71.11 54.90 72.84 57.82 67.57 50.12
IV 72.90 57.67 73.31 58.38 72.57 55.51 76.04 60.86 66.27 45.73
V 70.19 39.55 72.77 39.84 80.65 52.18 70.56 41.41 77.52 49.60

Furthermore, to evaluate the performance of different classes, we present F1 score
values considering that PA and UA are often contradictory and F1 score conveys the balance
between PA and UA. F1 score values of two major LULC types (tree cover and cropland),
and built-up areas using different models are presented in Table 7. Compared with other
LULC types, built-up areas have more abundant fine spatial details, i.e., scattered roads
and isolated buildings, making it more imperative to use higher spatial resolution images
to characterize its extent. Therefore, F1 score values for built-up can reveal whether spatial
details are fully exploited and presented in semantic segmentation results. DFSRSSN and
DFSRSSN_MTL outperformed other models in tree cover classification for dataset I, III, and
IV. As for cropland classification, the best is DFSRSSN_MTL in datasets I and III, PSPNet
in datasets II and IV, and MANet in dataset V. Our proposed method generally has much
higher F1 score values for built-up area, for example 53.34% using DFSRSSN_MTL (the
best) and 48.35% using DFSRSSN (the second best) vs. 41.75% using PSPNet (the third best).

Table 7. F1 score values of the proposed and compared methods for tree cover, cropland, and
built-up (%).

Dataset
DFSRSSN DFSRSSN_MTL MANet PSPNet DeepLabV3+

1 4 5 1 4 5 1 4 5 1 4 5 1 4 5

I 85.54 88.28 79.66 85.24 88.40 80.83 84.04 86.90 78.38 81.56 85.90 76.40 83.09 86.66 78.90
II 72.94 74.84 65.15 71.85 75.87 66.88 72.11 75.51 64.23 73.10 76.86 66.06 70.48 72.84 66.18
III 90.54 70.01 72.30 89.51 72.34 73.61 88.74 70.40 64.50 87.99 72.28 64.38 87.32 63.52 66.32
IV 92.84 58.15 71.40 92.02 64.72 72.61 91.86 65.12 64.37 90.35 70.33 65.87 89.81 43.85 66.18
V 61.98 81.05 48.35 55.93 83.43 53.34 70.98 89.29 38.12 59.03 81.29 41.75 69.30 87.23 37.81

1 tree cover, 4 cropland, 5 built-up.
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5. Conclusions

In this study, we proposed a deeply fused super resolution guided semantic seg-
mentation network for generating high-resolution land cover maps using relatively lower-
resolution remote sensing images. We introduced a large-scale and diverse dataset consist-
ing of 10 m Sentinel-2 images, 30 m Landsat-8 images, and 10 m European Space Agency
(ESA) Land Cover Product, encompassing 8 land cover categories. Our method integrates
a super resolution module (SRResNet) and a semantic segmentation module (CRFFNet) to
effectively leverage super resolution guided information for finer-resolution segmentation
results. Through extensive experiments and analyses, we demonstrated the efficacy of our
proposed method. DFSRSSN outperformed the baseline ResUnet with pixel shuffle blocks
in terms of overall accuracy and kappa coefficient, achieving significant improvements
in land cover classification accuracy. Furthermore, our method exhibited better spatial
transferability across different testing datasets, showcasing its robustness in handling di-
verse landscape patterns and imaging conditions. Moreover, the multi-temporal results
demonstrated the spatiotemporal transferability of our proposed method, enabling the
generation of 10 m land cover maps for past scenarios preceding the availability of 10 m
Sentinel data. This capability opens up avenues for studying long-term LULC changes at
a finer spatial resolution. In addition, the comparison of the state-of-the-art full semantic
segmentation models indicate that spatial details are fully exploited and presented in se-
mantic segmentation results using super-resolution guided information. In conclusion, our
study contributes to the advancement of high-resolution land cover mapping using remote
sensing data, offering a valuable tool for urban planning, ecological evaluation, climate
change analysis, agricultural management, and policy making. The integration of super
resolution guided information into semantic segmentation networks represents a promis-
ing approach for enhancing the spatial resolution and accuracy of land cover mapping,
thereby facilitating informed decision-making and sustainable development initiatives.
Nevertheless, it is imperative to acknowledge certain limitations of our methodology. Label
errors in the ESA Land Cover Product may cause overfitting to mislabeled data. Therefore,
pseudo label refinement can be considered in a further study.
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