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Semantic Segmentation of High-Resolution
Remote Sensing Images Using Multiscale

Skip Connection Network
Bifang Ma and Chih-Yung Chang , Member, IEEE

Abstract—Semantic segmentation of remote sensing
images plays a vital role in land resource management, yield
estimation, and economic evaluation. Therefore, this paper
proposes a multi-scale skip connection network with the
Atrous convolution to deal with the segmentation problems
of the multi-modal and multi-scale high-resolution remote
sensing images. Firstly, we applied the Atrous convolution
in the encoder to enlarge the convolution kernel’s receptive
field. Secondly, based on the U-Net network, we merged the
light and deep features of different scales by redesigning the
skip connection and combining multi-scale features in each
U-Net layer. Finally, we applied a pixel-by-pixel classification
method and obtained the semantic segmentation results of
remote sensing images. The effectiveness of the proposed algorithm is verified. The experimental results show that the
mF1 scores are 89.4% and 90.3% on the open dataset of ISPRS Vaihingen and ISPRS Potsdam, respectively, which are
better than the state-of-the-art algorithms.

Index Terms— Deep convolutional neural network, high-resolution remote sensing image, multi-scale skip connection,
semantic segmentation.

I. INTRODUCTION

W ITH the advancement of science technology, and the
development of remote sensing technology, the ability

of humanity to probe aerospace has dramatically improved,
manifested by the many satellites already orbiting our planet in
recent years. The obtained resolution of remote sensing images
has been continuously improved. The information it contains
is also more affluent and provides convenient conditions for
better serving human beings. Object recognition and semantic
segmentation of high-resolution remote sensing images have
gradually become a focus of research contents in remote sens-
ing image analysis and interpretation. Semantic segmentation
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of remote sensing images is an essential task that divides
each pixel into specific categories. Image segmentation can be
applied to disaster assessment, urban planning, and many other
directions. Traditional methods used for remote sensing image
semantic segmentation relied mainly on the color, texture,
shape, and spatial position relationship of ground objects to
extract features. And they accomplish the semantic segmenta-
tion task using refinements algorithms such as clustering and
threshold algorithms. The feature extraction method mainly
relies on manual interpretation, but it’s impractical to rely on
it entirely.

On the one hand, this method is efficient and low-cost,
which is hard to guarantee high quality of segmentation results.
On the other hand, it’s easy to cause visual fatigue and damage
to the interpreter. Therefore, to reduce human and material
resources and improve the level of intelligence of remote
sensing image segmentation, the automation of remote sensing
image object segmentation has gradually become an essen-
tial topic in remote sensing. Effectively segmenting different
object types on remote sensing images is the research direction
of intelligent remote sensing applications, which can accelerate
the construction of digital China and intelligent cities.

To reduce manual participation and make the feature extrac-
tion of remote sensing images more automated, we explore
using deep learning to extract high-resolution remote sensing
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image features. And then, we realize the pixel-by-pixel classi-
fication of images, which can improve the accuracy of image
segmentation and does not require manual feature design.
Automatic image segmentation is the fundamental motivation
of this paper.

In U-Net++ [1], nested dense skip connections replace
ordinary skip connections in U-Net, which significantly
enhances the ability of skip connections and narrows the
semantic gap between encoder and decoder. Layer features
and deep features are effectively merged, which can improve
the ability to segment features. A larger receptive field can
better merge features from a more extensive context range
in the high-resolution images rather than segmentation in
a smaller local context. One of the most effective ways
to expand the receptive field is to increase the number of
convolutional layers or the size of the convolutional filter.
Le et al. [2] introduced Atrous convolution to achieve high-
efficiency image segmentation. In the process of network
feature preservation, they used a 3D Atrous residual network
and an encode-decode network to segment both large and small
objects effectively. Zheng et al. [3] introduced the concept of
the effective receptive field and used Atrous convolution to
expand the effective receptive field. Atrous convolution can
be combined with a simple decoder to provide a powerful
segmentation model, and the model performed well.

In summary, ordinary skip connections in the U-Net network
cannot effectively connect the shallow and deep features in
the feature map. It is usually confronted when segmenting
high-resolution remote sensing images containing objects of
the surface category, which can easily cause high-resolution
remote sensing segmentation accuracy to lower and miss seg-
mentation. This paper proposed a Multi-Scale Skip Connection
combined with Atrous Convolution Network (MSCA-Net)
to perform semantic segmentation on high-resolution remote
sensing images. The contributions of this paper are itemized
as follows.

1) Improving the object segmentation effect. This paper
uses Atrous convolution in the encoder to expand the receptive
field of the convolution kernel and capture the multi-scale
feature information of remote sensing images to improve the
object segmentation effect.

2) Redesigning the multi-scale skip connection. This
paper redesigns the multi-scale skip connection method based
on U-Net. We merge the shallow and deep features of different
scales to effectively improve the segmentation accuracy of
various object categories in high-resolution remote sensing
images.

3) Using the element-wise multiplication strategy. This
paper classifies the images and obtains the final semantic
segmentation results through an element-wise multiplication
strategy.

The remainder of this paper is organized as follows.
Section II reviews the related works. And then, we formulate
the problem definition in Section III. Section IV illustrates
the semantic segmentation model of high-resolution remote
sensing images. Section V introduces the multi-scale skip
connection network of the proposed approach combined with
the Atrous convolution. The experiments and results are

demonstrated in Section VI. Section VII offers a conclusion
and future works.

II. RELATED WORK

Traditional semantic segmentation on remote sensing
images was mainly performed by extracting the shallow fea-
tures of the image, and most of the segmentation results were
not ideal.

According to the usege of prior knowledge, traditional
remote sensing images semantic segmentation methods were
usually divided into unsupervised and supervised classifi-
cations. The unsupervised classification methods, including
ISODATA classification and K-means classification, etc., did
not require any prior knowledge and mainly relied on the
spectral or spatial characteristics of the ground objects for
classification, which saves time and energy of manual labeling.
However, this type of method required a lot of analysis and
subsequent processing. It was not easy to achieve a one-to-one
correspondence with the category of ground objects. To avoid
the reclassification of unsupervised classification, we used
prior knowledge to determine the category of objects in the
supervised classification method. It was often used in the task
of segmentation and classification of objects. The commonly
used methods of supervised classification included support
vector machines, decision trees, and ensemble models. These
methods often need to create feature descriptors in advance
and then analyze the relationship between features to find
the best classification thresholds and parameters. In this type
of supervised classification method, features often require a
lot of professional knowledge. If the designed features are
unreasonable, the classification accuracy will decline, and
there are significant drawbacks in the semantic segmentation
of remote sensing images.

Deep learning technology in machine learning has been
gradually applied to various fields [4]–[6]. Convolutional
Neural Network (CNN) created new records in the area
of natural image classification continuously. Deep learning
doesn’t need to manually design features but extracts features
by learning from training samples. At the same time, the
CNN method can learn more detailed and deeper features
from a large number of sample images and avoid the dis-
advantages of manual design of extracting shallow features
in traditional algorithms. The methods were widely used in
remote sensing images semantic segmentation. Several pop-
ular CNNs developed in recent years, such as AlexNet [7],
VGGNet [8], GoogLeNet [9], have been used in scene classifi-
cation. Zheng et al. [10] proposed a Foreground-Aware Rela-
tion Network (FarSeg), which enhanced the ability to distin-
guish foreground features by learning the association between
foreground and background and using foreground-related con-
text. To achieve the purpose of false segmentation. Further-
more, A state-of-the-art method [11] was proposed based on
the semi-supervised to address the semantic segmentation of
natural imagery effectively. It introduced the two variants of
the self-correction module using either linear or convolutional
functions. FCN was the first fully convolutional neural network
that was designed for semantic segmentation. FCN used skip
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connections to refine feature maps and upsample the output
feature maps to the size of the input origin data. The Fully
Convolutional Networks (FCN) has achieved a breakthrough
and overcome many of the limitations of CNNs in semantic
segmentation. However, the abstraction ability of FCN for
the high-level features was not enough to consider useful
global context information. The precise boundary cannot be
accurately restored by eight upsampling times at the end of
the FCN.

Immediately afterward, two types of structures appeared in
the semantic segmentation task. One is the backbone style,
such as DeepLabV3 [12]. This type of network removed some
pooling layers and reduced the degree of downsampling in
the feature map. These networks used the pyramid pooling
module [13] or atrous spatial pyramid pooling(ASPP) [12]
module to extract and fuse feature information of different
scales and receptive fields. However, the precise boundary
cannot be accurately restored by eight upsampling times at
the decoder in the methods. The other type was the encoder-
decoder style. Most of the encoder-decoder type networks used
the idea of transfer learning [14], [15]. and typical networks
included U-Net [16] and SegNet [17], etc. The basic network
structure of these networks was an encoder-decoder structure.
The advantage of this structure was that the encoder-decoder
can generate feature maps with different semantic information.
The skip connections can connect different semantic infor-
mation, which can effectively improve the performance of
the encoder-decoder framework. The U-Net network was a
distinct semantic segmentation network with a skip-connected
encoder-decoder structure. Therefore, the U-Net network has
shown excellent performance in the semantic segmentation
task. However, the common skip connection method in the
U-Net network cannot connect the shallow information and
the deep information contained in the feature map effectively,
resulting in lower accuracy of image segmentation.

III. PROBLEM DEFINITION

In the problem of remote sensing image semantic segmen-
tation, the traditional semantic segmentation method based
on graph partitioning is to abstract the image into a graph
form G=(V, E). Among them, V is the graph node, and E
is the boundary of the graph, thus completing. Later, the
remote sensing image semantic segmentation method based
on deep learning has appeared one after another, the semantic
information of various types of objects has been added based
on it.

We assume that the category of each pixel in the remote
sensing image is regarded as a variable xi ∈ {y1, y2, · · ·, yn},
where xi represents a pixel and yi represents a category, then
we treat one or more target images as:

P(x) =
∑

i

ψu(xi )+
∑
i< j

ψv(xi , x j ) (1)

where ψu(xi ) represents the semantic category corresponding
to the pixel, which will be obtained from the prediction result
of the semantic segmentation model, and j represents the
semantic category adjacent to i . For example, the probability
that pixels such as “sky” and “bird” are adjacent in physical

space exceeds the adjacent probability of “sky” and “fish”.
Therefore, the main objective of the proposed work is to
predict the probability of the target and its neighbors by
extracting the features of the target feature, thereby developing
a high-resolution remote sensing image semantic segmentation
model. The motivation behind this study is that in the seg-
mentation task, high-resolution remote sensing image target
features usually have problems such as inaccurate feature
segmentation, over-segmentation, and mis-segmentation. How-
ever, we improve the segmentation accuracy of target features
by designing a semantic segmentation model suitable for high-
resolution remote sensing images.

IV. SEMANTIC SEGMENTATION MODEL OF

HIGH-RESOLUTION REMOTE SENSING IMAGES

A. Multi-Scale Skip Connection
The U-Net network proposed by Ronneberger et al. [16]

has a simple skip connection, connecting the shallow semantic
information and the deep semantic information in the feature
map. The U-Net++ network proposed by Zhou et al. [1] adds
a nested tight skip connection based on the U-Net network.
The skip connection dramatically reduces the semantic gap
between the encoder and the decoder and improves the seg-
mentation ability of the feature category. However, the skip
connection of U-Net and U-Net++ can’t fully use multi-
scale information and effectively extract semantic features of
different scales. Therefore, this paper designs a multi-scale
skip connection, as shown in Figure 1. The figure includes
simplified diagrams of U-Net, U-Net++, and MSCA-Net.
Figure 1(c) shows the specific connection method of the skip
connection detailed in the MSCA-Net network proposed in
this paper, which is the normal skip connection of U-Net
in Figure 1(a) and the nested of U-Net++ in Figure 1(b).
Compared with the skip connection, MSCA-Net redesigns
the skip connection combined with multi-scale information,
converts the interplay between the encoder and decoder, and
captures the interaction between the encoder and decoder.
It better extracts the fine-grained semantic information and
coarse-grained semantic information in the feature maps,
improving the accuracy of high-resolution remote sensing
images segmentation.

To further explain the multi-scale skip connection,
we described the structure of the encoder layer. Figure 2 is
an example of the construction. The extracted features can be
directly inputted into the decoder because the third layer in the
encoder has the same-level encoder layer. However, the skip
connection method of the U-Net network cannot effectively
connect the shallow and deep features. In contrast, the multi-
scale skip connection of the MSCA-Net network encoder-
decoder can transfer more low-level semantic information
from the small-scale encoder layer by using the maximum
pooling operation. For low-level semantic information, a series
of skip connections within the decoder connect the large-scale
decoder layer X4

De and then X5
De transmits high-level semantic

information using bilinear interpolation. To further unify the
number of channels and reduce the redundant information,
it occurred to us that the convolution with 64 filters of
size 3 × 3 can be a satisfying choice.Through this operation,
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Fig. 1. Comparison of skip connection of U-Net, U-Net++, and MSCA-Net network.

Fig. 2. Illustration of how to construct the multi-scale feature map of the third decoder layer X3
De.

we obtain feature maps of the same resolution. Each feature
map contains a wealth of remote sensing images informa-
tion. We seamlessly merge the shallow exquisite information
with deep semantic information.This paper further performs a
feature aggregation mechanism, the concatenated feature map
from five scales, consisting of 320 filters of size 3 × 3, a batch
normalization, and a ReLU activation function. The above
operation process is defined as follows:

Xi
En, i = N

Xi
De

⎧⎪⎪⎨
⎪⎪⎩

Y

⎛
⎜⎜⎝G(D(Xk

En))
i−1
k=1︸ ︷︷ ︸

Scales:1th∼ith

, G(U(Xk
De))

N
k=i+1︸ ︷︷ ︸

Scales:(i+1)th∼Nth

⎞
⎟⎟⎠ ,

i = 1, . . . , N − 1 (2)

where N refers to the total number of the encoder, Y(·)
realizes the feature aggregation mechanism with a convolution
followed by a batch normalization and a ReLU activation func-
tion, U(·) and D(·) indicates up-sampling and down-sampling
operation, function G(·) denotes a convolution operation and
[·] represents the concatenation.

B. Atrous Convolutional
We can obtain a larger receptive field without changing the

image size through Atrous convolution. Its main advantage is
that it allows flexible adjustment of the receptive field size

Fig. 3. Atrous convolution diagram.

to capture multi-scale information as much as possible and
improve the multi-object performance of segmentation tasks.
The two-dimensional Atrous operator is defined as follows:

fa,b(x�) =
G�∑

g=0

μa,b
m,n • x g

� (3)

fa,bis the convolution operation R
H�×W�×G� →

R
H�+1×W�+1on the input feature map, • represents the

convolution operator, x� ∈ R
H�×W�×G� is the feature map

belonging to the channel g ∈ {0, 1, . . . ,G�} in the a row and
b column, μm,n is the Atrous convolution with convolution
kernel size m and expansion rate n ∈ Z

+. The convolution
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Fig. 4. The structure of Atrous convolution and Multi-scale skip connection U-Net.

kernel size m increases to m + (m − 1)(n − 1) Atrous
convolution, and Atrous convolution is equivalent to standard
convolution n = 1. Figure 3 shows a schematic diagram
of Atrous convolution, and Figure 3(a) is a 3 × 3 Atrous
convolution kernel with an expansion rate n=1, which is
the same as the common convolution operation. After the
convolution operation, the receptive field is 3 × 3. Figure 3(b)
is a 7 × 7 Atrous convolution kernel with an expansion
rate n=2, and its receptive field is 7 × 7. The receptive
field of the convolutional layer of the standard convolution
is related to the size and step length of all the previous
convolution kernels. The receptive field grows linearly, while
the Atrous convolution can realize the exponential growth of
the receptive field.

V. MULTI-SCALE SKIP CONNECTION NETWORK MODEL

COMBINED WITH ATROUS CONVOLUTION

The MSCA-Net structure of the high-resolution remote
sensing image semantic segmentation network proposed in
this paper is shown in Figure 4. The network consists of the
encoder with Atrous convolution, the decoder, and a series of
multi-scale skip connections.This paper uses Atrous convolu-
tion in the encoder part to increase the receptive field and uses
the U-Net network in the backbone network. The multi-scale
skip connection method connects semantic features of different
scales. For the input high-resolution remote sensing image,
firstly, we increase the receptive field of the convolution kernel
by introducing Atrous convolution. We perform the feature
encoding on the encoder in the backbone network. Secondly,

we input the encoded feature map into the decoder for up-
sampling operation through the multi-scale skip connection.
Finally, we obtain the semantic segmentation result using
convolution operation and SoftMax operation.

U-Net’s structure is shaped like the letter U, consisting
of a convolutional compression layer on the left end and
a transposed convolutional amplification layer on the right
end. In the operation of transposed convolution on the right
end, the results of the previous convolution on the left end
will be stitched together to ensure more information. The
encoder-decoder structure is used as the basic structure of
U-Net. The encoder performs the high dimensional feature
extraction and down-sampling operations on the image; this
part is the contraction path. The compression path consists
of 4 blocks, each using 3 efficient convolution kernels and
1 maximum pooling for the down-sampling operation. After
each down-sampling operation, the number of the feature maps
is multiplied by 2, so the size of the feature maps becomes
larger. The decoder performs an up-sampling operation on
the extracted feature maps, whose expansive path comprises
4 blocks. Before each up-sampling operation, the feature maps
size is multiplied by 2 through a deconvolution operation, and
their amount is halved. They are merged with the feature
maps of the symmetric compression path on the left. Due
to the different sizes of the feature maps obtained from the
compressed and expanded paths, the encoder-decoder structure
in U-Net plays a prominent role in retaining the detailed
features of the ground objects in large amounts. Therefore,
U-Net as the backbone network for semantic segmentation
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of high-resolution remote sensing images can achieve good
semantic segmentation results. Unlike the U-Net network, the
MSCA-Net adds multi-scale skip connections in the encoder-
decoder and inside the decoder, which is conducive to learning
better feature expression improving the accuracy of remote
sensing image segmentation.

At the same time, the MSCA-Net merges the smaller
and the same-scale feature maps from the encoder and the
larger-scale feature maps from the decoder at each decoder
layer to capture the full-scale fine-grained semantics and
coarse-grained semantics. We pool and downsample a group
of encoder-decoder skip connections from the smaller-scale
encoder layer through a non-overlapping maximum pooling
operation to transmit the bottom layer’s low-level semantic
information. Bilinear interpolation is used to transmit high-
level semantic information from the large-scale decoder layer
through the series mentioned above of internal decoder skip
connections. At the same time, we can obtain a larger receptive
field under the same feature map by the Atrous convolution,
thereby obtaining more dense data. The combination of Atrous
convolution and multi-scale skip connection can achieve a
larger receptive field. Under this condition, more low-level
information of the feature category is retained, and high-level
semantic information is efficiently extracted while obtaining
dense data. This process is conducive to learning better feature
expression and improving the segmentation accuracy of remote
sensing images.

VI. EXPERIMENTS AND RESULTS

A. Datasets
This paper carried out our experiments on the two image

sets of the ISPRS [19] 2D Semantic Labeling Challenge
to validate the proposed method. These datasets comprise
aerial images of a very high resolution taken from over two
cities in Germany: Vaihingen and Potsdam. Our goal is to
do semantic labeling on images belonging to six classes:
buildings, impervious surfaces (e.g., roads), low vegetation,
trees, cars, and clutter. Two leaderboards (one for each city)
and report test metrics, obtained on held-out test images, are
available online.

ISPRS Vaihingen: The Vaihingen dataset has a 9 cm/pixel
resolution with tiles of approximately 2494 × 2064 pixels
Collected in an area of 1.38 square kilometers within the city.
Altogether this dataset has 33 images, of which 16 have public
ground truth. The Infrared-Red-Green (IRRG) images and the
DSM data are used as supplementary data.

ISPRS Potsdam: The Potsdam dataset has a resolution of
5 cm/pixel with tiles of 6000 × 6000 pixels and 38 images,
of which 24 have public ground truth. The Infrared-Red-
Green-Blue (IRRGB) multispectral images and the DSM data
are supplementary data in the tiles. The nDSM data is also
included with the dataset, but none of our experiments use
this data.

B. Multi-Scale Data: Enhancement and Standardization
The purpose of data enhancement is to generate new sample

instances. Data enhancement plays a crucial role in improving

the network’s generalization ability when training samples
are fewer than the needed number. The ISPRS data set is
divided into two parts: training and testing. 12 images were
selected from the Vaihingen dataset for training, and 4 images
were selected for testing. The number of datasets is small.
Our method first cropped the images in the training part
into a size of 256 × 256 randomly and then expanded the
data through rotation and translation operations to prevent
overfitting. Finally, this paper used the obtained 12,000 patches
for training. This paper selected 18 images from the Potsdam
dataset for training and 6 images for testing. After cropping
each of the images into a size of 256×256 randomly, this paper
obtained 27,000 patches for training. The expanded dataset is
used for training MSCA-Net. All the bands (IRRG) of the
high-resolution remote sensing images this paper used are
standardized within the [0, 1] interval.

The random numbers of neural networks’ parameters and
activation functions are usually initialized to be between [0, 1];
standardized methods are needed to avoid gradient explosion
and dispersion. The z-score standardization method approxi-
mates the value of each pixel in the input image to a normal
distribution, which helps improve the network convergence
speed. The standardized formula is:

Xout =
(
X

/
Max(X)

) − λ

σ
(4)

where X is the input value, Max(X) is the maximum input
value, λ and σ are the mean and standard deviation of X /
Max(X), respectively.

C. Network Training
The remote sensing images in the data set used to carry out

the experiments are high-resolution. They cannot be directly
processed within the deep network, so the sliding window
method is used as a pre-step to extract small 256 × 256 size
blocks. The size of the overlapping area between two consec-
utive small blocks thus extracted (using the sliding window
method) is also defined by this pre-step. During training,
as extracting training samples in smaller sizes contributes
greatly to data expansion, we focus on obtaining more smaller
sizes training samples. We used a 64px stride for the Pots-
dam dataset and a 32px stride for the Vaihingen dataset.
We adjusted the step size and used a 32px stride to test
the Potsdam dataset and a 16px stride to test the Vaihingen
dataset. A smaller step size allows the average prediction of
overlapping areas to improve overall accuracy. In this paper,
the initial learning rate is set to 0.01, and the learning rate is
divided by 10 every 5 epochs until 0.00001. The experimental
hardware environment is Intel Core i9-9900k + NVIDIA
RTX2080Ti 64GB memory + 11GB video memory, and the
software environment is Linux Ubuntu 18.04 + CUDA10.0 +
cudnn7.6 + Pytorch16.0.

D. Results and Analysis
1) Evaluation Standard: For an evaluation of the perfor-

mance of the deep learning network, the following formula

Authorized licensed use limited to: Tamkang Univ.. Downloaded on February 13,2022 at 09:55:51 UTC from IEEE Xplore.  Restrictions apply. 



MA AND CHANG: SEMANTIC SEGMENTATION OF HIGH-RESOLUTION REMOTE SENSING IMAGES 3751

Fig. 5. Segmentation results of MSCA-Net on ISPRS Vaihingen and Potsdam dataset.

was used to calculate the F1 score:
P = T P

T P + F P
(5)

R = T P

T P + F N
(6)

F1 = 2 × P × R

P + R
(7)

the true positive TP indicates that the predicted value is 1 and
the true value is 1. FP is an example of a false positive
indicating the predicted value as 1 and the true value as 0.
The False Negative FN indicates that the predicted value is
0 and the true value is 1. P indicates how precise the network
is, the ratio of the number of positive cases predicted to be
correct, to the total number of positive cases predicted. R is the
ratio of correctly predicted positive cases to true positive cases,
which means recall. During experimentation, the average value
(mF1) of F1 is used to indicate the segmentation accuracy of
the network. The performance of the network and the accuracy
of the segmentation grows with mF1.

CSAU-Net also used the overall accuracy formula to eval-
uate the segmentation accuracy of the algorithm. The calcula-
tion formula of OA is as follows:

O A = T P + T N

T P + F P + T N + F N
(8)

the True Negative TN (TN) indicates that the predicted value
is 0 and the true value is 0.

2) Experimental Results and Analysis: Fig. 5 shows the
comparisons between some of the experimental data results
obtained by our algorithm (MSCA-Net) and the Ground Truth.
Consistent colors are used for objects belonging to the same
classes. It can be seen that the overall segmentation results
obtained by MSCA-Net are relatively ideal, with only minor
segmentation errors highlighted by the red circles. We can
see that comparing the segmentation results obtained from the
images of the two cities, and our method has segmented the
image of the Vaihingen city with fewer errors. The quality
and accuracy of ours segmentation results are almost as good
as the Ground Truth. The main reason that the quality of the
segmentation obtained from some of the small areas in the
images of the Potsdam city is inferior is that the Potsdam
dataset is more complex. Parts of the ground features of the
real labels that have been done manually are blurred, whereas
the Vaihingen dataset features are more clearly distributed.

Tab. I shows the segmentation accuracy results obtained by
our algorithm when invoked on the test mentioned above sets.
From the segmentation accuracy mF1, the overall accuracy
OA, and mIOU, obtained from data of the five types of features
shown, the segmentation results obtained by this algorithm are
excellent.

The model MSCA-Net uses U-Net as the baseline, so we
compare it with U-Net in the experiments. Meanwhile, because
U-Net++ has a nested skip connection structure, to verify
the method’s effectiveness in this paper, the MSCA-Net and
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TABLE I
SEGMENTATION ACCURACY RESULTS OF MSCA-NET ON ISPRS VAIHINGEN AND POTSDAM DATASET

TABLE II
COMPARISON OF SEGMENTATION ACCURACY BETWEEN MSCA-NET AND RELATED METHODS ON VAIHINGEN DATASET

TABLE III
COMPARISON OF SEGMENTATION ACCURACY BETWEEN MSCA-NET AND RELATED METHODS ON POTSDAM DATASET

U-Net++ are also compared in the experiments. The com-
parisons of the result are shown in Table II and Table III.
We compare U-Net++ [1] with a dense skip connection net-
work structure on the Vaihingen and Potsdam datasets. It can
be seen from Table II and Table III that the segmentation
accuracy of MSCA-Net is higher than that of U-Net and
U-Net++ on various types of ground objects. The comparative
experiments of the two types of data set effectively prove
that MSCA-Net has a more vital ability to segment ground
objects. The encoder-decoder multi-scale skip connection in
the MSCA-Net network can effectively connect the semantic
information of feature maps at different scales. The multi-
scale skip connection inside the decoder can better integrate
the shallow semantic information with the deep semantic infor-
mation. At the same time, the Atrous convolution introduced
in the encoder part can effectively increase the receptive field,
so MSCA-Net can effectively improve the classification of
ground objects.

This paper evaluates the computational complexity and
quantitatively evaluates the efficiency of the U-Net, U-Net++
and MSCA-Net frameworks, including the training and testing
time of the network, as shown in Table IV. It can be seen
from Table IV that the training time and testing time of
MSCA-Net are shorter than U-Net++, but slightly longer than
U-Net. Since the skip connection in the U-Net is relatively
simple, the features extracted by downsampling are spliced
into the upsampling process, and MSCA-Net has a multi-
scale skip connection structure compared to the U-Net, the

computational complexity is higher. Training and testing time
is slightly longer. The U-Net++ has a densely nested skip
connection structure, which is more complex than the multi-
scale skip connection structure. Therefore, the training and
testing time of MSCA-Net is significantly faster than that of
U-Net++. At the same time, Table V in the paper has listed
the references of detailed structure among MSCA-Net, U-Net
and U-Net++. In table V, “

√
” means that the network uses

this part of the structure, and ”–” means that the network
does not use this structure. Regarding the connection structure,
the connection in the U-Net is a common skip connection.
This structure plays a more role of contitation, which plays a
more role in concatenation. And the U-Net++ uses the Nested
dense connection. This paper proposes that the MSCA-Net has
designed a multi-scale skip connection. Therefore, different
kinds of connections are the important distinction among
various network structures.

This paper also compares the network and other methods
on the ISPRS Vaihingen dataset and the Potsdam dataset.
The results are shown in Table VI and Table VII. This paper
has also compared the results obtained by other methods
used on the ISPRS Vaihingen and Potsdam datasets with our
completeness method.

The results in Table VI show the comparison between the
segmentation accuracy results gained by CSAU-Net and those
obtained by the methods in literature works [17], [20]–[25].
MSCA-Net has achieved ideal results from both the seg-
mentation accuracy mF1 score and the overall segmentation
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TABLE IV
COMPARISON OF TRAINING AND INFERENCE TIME AMONG MSCA-NET, U-NET AND U-NET++

TABLE V
COMPARISON OF DETAILED STRUCTURE AMONG MSCA-NET, U-NET AND U-NET++

TABLE VI
COMPARISON OF SEGMENTATION ACCURACY BETWEEN MSCA-NET AND OTHER METHODS ON VAIHINGEN DATASET

TABLE VII
COMPARISON OF SEGMENTATION ACCURACY BETWEEN MSCA-NET AND OTHER METHODS ON POTSDAM DATASET

accuracy OA. Except for the Low-veg class, our method’s seg-
mentation accuracy is slightly lower than Peng et al. [25]. And
for the rest of the class, our method’s segmentation accuracy
is superior to the other algorithms. Especially our algorithm’s
F1-score of the surface and car categories is higher by 0.16%
and 0.28% than the F1-score gained by Oktay et al. [23] and

Ji et al. [24]. And Our algorithm’s OA and mF1 surpassed
Peng et al. [25] by 0.20% and 0.13%, respectively.

The comparison shown in Table VII is between the
results gained by CSAU-Net and those acquired by
Badrinarayanan et al. [17], Chen et al. [20], [21], Jégou et al.
[22], Oktay et al. [23], Ji et al. [24] and Mou et al. [26] from
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Fig. 6. Comparison of detailed segmentation results on ISPRS dataset.

the Potsdam dataset. Except for the slight decrease in the Car
class’s segmentation accuracy compared to Mou et al. [26],
our method is superior to all methods in the other categories.
In addition, the overall segmentation accuracy OA and seg-
mentation accuracy mF1 scores of MSCA-Net outperform
other algorithms. Compared to Mou et al. [26], our algorithm’s
OA and mF1 growth are higher by 0.10% and 0.15%, respec-
tively. Our algorithm’s mIOU are higher by 0.4% and 0.9%
than [26]. It proves the effectiveness of our algorithm.

The MSCA-Net and related methods compare the details
of image segmentation on the ISPRS Vaihingen dataset and
the ISPRS Potsdam dataset, as shown in Figure 6. The first
column in the figure is the local details of the input remote
sensing images, and the second column is the local true
label of the relevant feature images. As illustrated in the
figure, compared to U-Net and U-Net++, MSCA-Net has
dramatically improved the quality of the segmentation of the
ground objects, making the targeted ground objects closer
to those of the actual scene, especially on more complex
partial images. Our network has a relatively good segmentation
ability, which significantly reduces the mis-segmentation of
the ground object category, which can be attributed to a series
of multi-scale skip connections. MSCA-Net can extract rich
information from feature maps of different scales to a large
extent, and the network can effectively integrate the semantic
features of each layer.

VII. CONCLUSION

The MSCA-Net deep learning network structure proposed in
this paper is used in multi-scale skip connection with Atrous

convolution, which achieves a successful semantic segmen-
tation of remote sensing images of a high-resolution nature.
Firstly, we introduced Atrous convolution into the encoder
to increase the receptive field of the convolution kernel,
which provides the necessary conditions for extracting more
semantic features. The encoder in the backbone network is
used to encode the feature map. Secondly, the multi-scale skip
connection between the encoder and decoder can effectively
connect the extracted shallow and deep semantic features.
The multi-scale skip connection in the decoder transmits
features of different scales. The network can better integrate
features of different scales. The final stage is to obtain the
semantic segmentation results from the input remote sensing
image. The experiments show that MSCA-Net can improve
the classification accuracy of various objects effectively.

This method also has limitations. Although it has a better
segmentation effect for high-resolution remote sensing images,
it is not evident for hyperspectral remote sensing images or
radar images. So it has certain limitations for selecting data
sets. However, although this paper optimizes the connection
method of skip connections in the U-Net, designing more
effective skip connections to improve the accuracy of seg-
mentation of high-resolution remote sensing image categories
is the direction of our subsequent research work.
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