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Abstract: Road extraction based on deep learning is one of hot spots of semantic segmentation in the past decade. In this work, we
proposed a framework based on codec network for automatic road extraction from remote sensing images. Firstly, a pre-trained ResNet34
was migrated to U-Net and its encoding structure was replaced to deepen the number of network layers, which reduces the error rate of
road segmentation and the loss of details. Secondly, dilated convolution was used to connect the encoder and the decoder of network to
expand the receptive field and retain more low-dimensional information of the image. Afterwards, the channel attention mechanism was
used to select the information of the feature image obtained by up-sampling of the encoder, the weights of target features were optimized to
enhance the features of target region and suppress the features of background and noise regions, and thus the feature extraction effect of the
remote sensing image with complex background was optimized. Finally, an adaptive sigmoid loss function was proposed, which optimizes
the imbalance between the road and the background, and makes the model reach the optimal solution. Experimental results show that

compared with several semantic segmentation networks, the proposed method can greatly reduce the error rate of road segmentation and

effectively improve the accuracy of road extraction from remote sensing images.
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0 Introduction

Using the image features contained in the target remote
sensing image to realize automatic information extraction is
a general trend of information intelligence in the 21st
century'. Since deep learning has strong independent
learning capabilities and excellent automatic extraction
capabilities, it has been widely used and rapidly developed
in the field of remote sensing image extraction™*.

Convolutional neural network (CNN) has a good
performance in image-level segmentation task*. However,
it cannot meet the requirement of segmentation accuracy of
remote sensing images. Accordingly, on the basis of CNN,
Long et al.”’ proposed a fully convolutional network (FCN)
to complete a pixel-level image segmentation. According
to different objects and focuses of the problems, some
semantic segmentation networks based on FCN have been
proposed successively, such as SegNet® ", Deeplab®',
U-Net""" and ResNet"*".
performance in medical image segmentation, U-Net has

Owing to its excellent

attracted the attention of many scientific research teams.

[14]

For example, Liu et al integrated Morphsnakes

algorithm into the classic U-Net and proposed an improved
U-Net for CT image segmentation, which improves the
segmentation effect of image edge. Jin et al."” proposed a
double U-Net remote sensing image extraction model and
optimized some parameters. By using the double U-Net
joint training method, the feature fitting ability of the
network was improved, and the segmentation accuracy of
remote sensing images was also improved effectively.
ResU-Net was proposed by integrating the residual
modules"”. R2U-Net was obtained by combining cyclic
convolution with ResU-Net"”. Attention U-Net added
attention mechanism into the up-sampling and down-
sampling process of U-Net"*,

Since actual road is complex, the remote sensing
image to be processed has high dimension and strong
background interference. The shallow network used by
classic U-Net is difficult to establish the mapping
between the remote sensing image and the segmentation
result, which leads to insufficient accuracy the extraction

results™”

. According to the characteristics of remote
sensing images of the road, we proposed an RAU-Net

model, which replaces the encoder of U-Net with
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ResNet34, extracts the feature information of different
receptive fields, and integrates them. At the encoding
stage, the fused feature information was extracted,
which provides more contextual semantic information for
up-sampling road image restoration, enhances the low-
dimensional detail information in the network
propagation, and improves the segmentation accuracy.
At the decoding stage, the channel attention mechanism
was integrated, the information of feature map was
selected and weighted, and the original feature was
recalibrated in the channel dimension, which effectively
avoids the loss of details in the segmentation process,

and reduces the error rate of target image extraction from
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the road. Finally, we used an adaptive sigmoid loss
function to obtain clear boundary with high confidence
for improving segmentation accuracy, as well as a
nonlinear activation function, exponential linear unit
(ELU) , to classify pixel points one by one for improving

pixel-level classification effect.
1 Basic networks

1.1 U-Net

U-Net is a classical network model which combines low -
dimensional features and high-dimensional features. It is
composed of feature encoder and feature decoder. The
network structure of U-Net is shown in Fig.1.
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Fig.1 U-Net feature extraction model

The front end of the network is the feature encoder,
which is constructed based on VGG16™?", and high-
dimensional image features with a reduction of image
size are obtained via convolution and pooling operations.
The rear end of the network is the feature decoder,
which contains two 3X3 convolutions and one 2X2
deconvolution corresponding to the front end. In addition

to inputting the deep abstract features obtained by up-
sampling in the previous layer, it also inputs the shallow
local features of the corresponding down-sampling
output. The deep features are fused with the shallow
detailed

dimensional features at each level is introduced to ensure

features, and the information of low-

that the spatial dimension of information remains
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unchanged.
1.2 ResNet34

On the premise that deep network can converge, with
the increase of network depth, the accuracy rate will
tend to be saturate or evenly decline, which has become
a barrier to the development of deep neural network.
ResNet34 is also mspired by the VGG network and the

specific structure is shown in Fig.2.
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Fig.2 ResNet34 feature extraction model

The ResNet34 mainly adopts a 3X 3 convolution with
step size of 2 for down-sampling, and the redundant
items of the network are mapped identically by jumping

connection, which makes the weight convergence of
deep network more effective. The network ends with a
global average pooling layer and a 1 000-dimensional
fully connected layer with softmax, and the total number
of weighted layers is 34. The whole network follows two
simple design rules: Firstly, for the same output feature
map size, each layer adopts the same convolutional
layer; Secondly, if the size of the feature map is halved,
the number of convolutional layers is doubled to keep the
time complexity of each layer. The residual structure of
ResNet34 can accelerate the training of deep neural
network and improve the accuracy of the model.

1.3 Sequeeze-and-excitation block

The channel attention mechanism, which was proposed
by Hu et al. in CVPR in 2018"”, is also called sequeeze-
and-excitation block (SE block) , as shown in Fig.3.
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Fig.3 SE block

is not a complete network structure but a substructure that
can be embedded into other classification or detection
models. The core idea 1s to learn feature weights based on
the loss via the network, make the network pay attention to
important channel features, filter irrelevant channel
features, and recalibrate the features. Generally speaking,
it is to make the network focus on a certain aspect of the
image like human vision, and reduce the attention of other
unconcerned information. In addition, exploring the areas
with the most information in the image and more important

channel features can improve the effect of sentiment
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classification to a certain extent.

It can be seen from Fig. 3 that SE block is mainly
composed of global average pooling (Squeeze),
adaptive recalibration (Excitation), and feature fusion
(Scale) . The specific process is as follows. Firstly, the
feature map is pooled by a 2X 2 global average, and each
2-dimensional feature channel is compressed and
mapped into a feature map with a dimension of 1 X1XC
consistent with the input structure to obtain global
information. Then, the feature map passes through a
fully connected layer and RelLU function, the dimension
becomes 1 X 1X C/r, where ris a scaling parameter and
can be set at 16 or other values. The use of this
parameter is to reduce the number of channels and thus
to reduce the amount of calculation. Afterwards, the
dimension is restored to 1 X1 X C, and the weights of the
two fully connected layers are reciprocal, which can

integrate local information with category discrimination
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in the pooling layer. Next, the sigmoid function is used
to get C weights of the feature map, where C represents
the number of channels and is obtained by learning the
previous fully connected layer and nonlinear layers.
Finally, the probability map of feature excitation output
is weighted by multiplication to the previous feature map
by channel, and the original feature is recalibrated in the

channel dimension to enrich the extracted information.

2 Proposed RAU-Net

2.1 Overall network architecture

Since the encoding structure of U-Net is actually a
process of feature extraction and is highly similar to
VGG16, the pre-trained ResNet34 is used as the
encoding structure of U-Net that can extract features
better via migration learning. At the decoding stage,
RAU-Net with SE block is proposed. The overall
network architecture is shown in Fig.4.
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Fig.4 RAU-Net network architecture

The convolution mode of RAU-Net adopts the same
mode as that of U-Net, which makes the convolution
operation start in case that the center of the convolution
kernel coincides with the corners of the feature image.
This mode keeps the size of feature map unchanged in
the process of forward propagation, and makes it
unnecessary for parameter adjustment to accurately
calculate the change in image size.

In the RAU-Net architecture, each gray rectangular

block represents a multi-channel feature map. The left
part is the encoder, ResNet34, which is mainly
composed of four encoding layers. The numbers of
feature channels of four encoding output images are 64,
128, 256 and 512,

correspondingly expanded to 8 times before encoding.

respectively,  which are
After each convolution, pooling is performed to reduce
the image size and improve the visual perception field.

From low-level to high-level, the feature map is reduced
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from 1 024 X1 024 pixels to 32X 32 pixels. The right
part is the decoder of RAU-Net. The settings are the
same as that of U-Net, but the original two 3X3
convolutional layers are replaced with one 5X5
convolutional layer, which reduces the complexity of
neural network while maintaining segmentation
accuracy. The encoder and the decoder are connected by
dilated convolution, which adjusts the receptive field of
feature points without reducing the resolution of feature
map and with detailed spatial information. Except for the
last convolution layer activated with sigmoid, there is an
ELU activation behind each convolution layer.

RAU-Net adds channel attention mechanism in the
process of feature encoding, selects information from
high-level feature map, and obtains new feature map
through weighting. It enhances emotional semantic
information, retains richer features and more
discriminative detailed information, and realizes the
recalibration of features. The integration of channel
attention mechanism enables the network to imitate the
characteristics of human vision’ s selective attention to
things. It improves the acquisition of pixel features of the
road target images, and enables the network to recognize
the target information on the road in advance, so as to
achieve the purpose of quickly and correctly extracting

the required information.
2.2 Activation function

ReL.U function 1s often used as activation function in

semantic segmentation networks, and it is defined as
f(x)=max (0,x). (1)

RelLU function almost exponentially increases in the
process of forward use and greatly saves the time of
calculation. However, if the input value is negative, the
gradient will drop to zero and the neuron will be inactivated ,
and thus activation function cannot play the role.

In this study, ELU function is used to replace RelLU
function, and it is defined as

filz)=ale"— 1),
folx)=x,

where a is an adjustable parameter, which controls the

xE(—0o0,0],

2
x€(0,00), @

average of the input activation values at O when the
negative part of ELU function is saturated. Eq. (2) is an
improvement of Eq. (1) by adding nonlinear factors and
integrating the characteristics of sigmoid and Rel.U,
which can alleviate the gradient disappearance, improve
the robustness of noise, and solve the problem of
neurons inactivation of negative input™. With the

addition of nonlinear factors, the model constructed by
ELU function has a higher accuracy in the process of

road target extraction from remote sensing images.
2.3 Adaptive loss function

Road target extraction is a binary classification
problem. During the training process, there is an
imbalance in the proportion of road and background. For
example, the proportion of background is close to 90% ,
while the road only accounts for 10%. The traditional
loss function uses an average weighting method to
process each pixel. In this case, training efficiency is
low, because the negative samples account for most of
all training samples and do not contribute useful learning
signals.

To solve this imbalance problem, the standard binary

classification cross entropy loss function™*’, sigmoid
loss (SCE Loss), is

redistributing the weights of positive and negative

cross entropy improved by
samples, and an adaptive sigmoid loss function is
proposed. Its value is a measure of the level of system
chaos, which is linearly related to the variability of the
system. It represents the difference between the
predicted probability distribution and the true probability
distribution, and the smaller the difference, the better
the constructed model. When the difference 1s O, the
predicted value is completely consistent with the true
value. Based on this, the neural network will constantly
adjust the weight parameters, making the value
gradually tend to zero.

The sigmoid function converts the output into a
probability map, which is defined as
1
o 1te

where p (z) is the probability of the pixel in the positive

plx) (3)

sample, and it is always a number between O and 1.
The adaptive sigmoid loss function for road detection
is defined as

M Ny

ASLoss( ys, fs(x))= as,,zz_(l — yH)log (1 —

i=1j=1

pr(2h))+ aspzwzzfy{ logp, (),

i=1j=1

C))

where x} is the jth pixel of the 7th image; y/ and fi(x)
represent the corresponding label and the output of the
last group, respectively; M is the minimum batch size;
N, and N, represent the number of background pixels and
the number of road pixels in each image, respectively;

p1(2}) represents the probability of the road pixels; as,
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and as represent the proportion of road and background
in the training samples, respectively, and they are
calculated by

015‘
s —
L oas, tas
Q)
asw
as’:7
Coas t+as

where as, and as, represent the number of background pixels
and road pixels in all training samples, respectively. In this
way, the weights can be automatically adjusted according
to the ratio of positive samples and negative samples before
training,, which makes the loss contribution rates of the two

types are more appropriate.
3 Experimental results and analysis

3.1 Experimental setup and preprocessing

The experimental hardware configuration was 19-
9900F CPU, NVIDIA GeForceGTX2080Ti (32 GB)
GPU, the operating system was 64-bit Ubuntu, and the
deep learning framework was Tensonflow. In the
experiment, the proposed RAU-Net model was trained
by batch processing on DeepGlobe road extraction data
set”™, of which 80% of the pictures were randomly
selected as training set, and other pictures as verification
set and test set. Each batch there were 160 images
randomly selected to input the model for training. The
learning rate was initially set to be 2>X10™*, minus 5 for
3 times, and then we observe the slow decrease of
training loss. At the preprocessing stage, the images
from the original data set were divided with an effective
image with 1 024 X1 024 pixels. In addition, by manual
screening, the images with less than 20% of road in the
divided remote sensing images were removed from the
corresponding ground truth image. The roads were
marked as the foreground, and other targets were
marked as the background.

3.2 Evaluation index

In this study, four indexes, accuracy, recall,
intersection over union (IoU) and kappa coefficient,
were used to quantitatively evaluate extraction results,
and they are calculated by
I I S
VLA E B ©

where IoU reflects the coincidence degree between the
predicted image and the ground truth image; L, is the
number of total pixels that are correctly recognized as the
road by the model; E; is the number of the pixels that

mistakenly regard the background as the road. Ey is the
number of the pixels that mistakenly regard the road as the
background.

Ly
Ly +E,’

where accuracy represents the proportion of pixels with

(N

accuracy —

correct prediction in the total pixels.
recall = e ) (®)
L+ Ex
where recall indicates how many pixels in the image are
correctly predicted.
Iec — ke
EEa €)

where kappa stands for the consistency between the

kappa =

extracted result and the true value, I. i1s the overall
recognition accuracy, and I is the accidental consistency.
Lyt Ly
M

Ly +Ey)Mc+(Ey+ Ly) My
IRE:( I p) LMZ( ) N) L, (10)

where Ly is the number of total pixels correctly identified as

cC ’

the road by the model; M is the number of the total pixels
recognized by the model; M, represents the number of real
road pixels in the sample, and M, represents the number of

pixels in the sample that are the real background.
3.3 Analysis of experimental results

In the experiment, the proposed network model
RAU-Net corresponding to the balance between
accuracy and recall was selected as the final parameter
model, and it was compared with FCN8s, ResNet34,
DeeplabV2, U-Net and Attention U-Net for evaluation
and analysis. The MSRA initialization method®’ was
used for parameter initialization, which only considers
the number of inputs, and the weight initialization obeys
a Gaussian distribution with the mean value of 0 and the
variance of 2/n (where n is the number of inputs) . The
experimental evaluation indexes are shown in Table 1.
The comparison histograms of evaluation indexes are
shown in Figs.5—8.

Table 1 Evaluation indicators of networks

Method IoU accuracy recall kappa
FCNS8s 0.457 0.655 0.692 0.736
ResNet34 0.482 0.784 0.671 0.745
U-Net 0.563 0.816 0.714 0.814
DeeplabV2 0.604 0.822 0.812 0.835
AttentionU 0.609 0.818 0.805 0.826
RAU-Net 0.623 0.849 0.823 0.863
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RAU-Net

It can be seen from Table 1 and Figs. 5 — 8 that
ResNet34 has a significant improvement in accuracy
compared with FCNS8s. Compared with ResNet34,
U-Net has improved in four evaluation indicators, and
the kappa coefficient has improved significantly, but the
improvement in accuracy is not obvious. Since
DeeplabV2 introduces dilated convolution, Attention
U-Net introduces attention mechanism, both of which
are better than U-Net. Compared with other semantic
segmentation networks, the proposed RAU-Net greatly
optimizes the accuracy and has advantages in all
evaluation indicators, which objectively proves the
effectiveness of this method.

Figs.9 — 13 are the segmentation effect diagrams by

the networks in different situations.

U-Net DeeplabV2 Attention U-Net
Fig. 9 Comparison results of road extraction for different

network models in area 1
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Fig. 10 Comparison results of road extraction for different

network models in area 2
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Fig. 11 Comparison results of road extraction for different

network models in area 3
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It can be seen that the results extracted by FCNS8s
have many isolated points, and road extraction is
incomplete with fractures and holes and easily affected
by nearby buildings. ResNet34 reduces the probability of
fracture in road extraction, but adhesion still exists in
complex and dense areas, which affects extraction effect.
U-Net can

phenomenon of road environment,

effectively improve the adhesion
and the extraction
results are relatively complete, but there are still false
extraction and missing extraction.

DeeplabV2 improves the segmentation accuracy of
road extraction, and road segmentation is more
accurate, but the extraction results still have fractures
and burrs. Attention U-Net can effectively decreases the
error of target extraction by U-Net. Comparative
analysis shows that the proposed RAU-Net not only
accurately and clearly separates the road from the
background in complex environment, which ensures the
integrity and delicacy of the extracted road, but also
which

the extracted

solves the problems of holes and fractures,
alleviates missing extraction. Therefore,
road results have the highest similarity with the ground
truth map.

In addition, in the same experimental environment
and at the training stage, six semantic segmentation
network models took 8.67 h, 10.56 h, 10.48 h, 11.23 h,

12.36 hand 11.73 h, respectively. It can be seen that the

proposed RAU-Net improves the accuracy of road
extraction, and does not significantly increase the time
cost of calculation, which further proves the timeliness
of the proposed method.

In order to verify the advantages of AS loss in
segmenting high-resolution road remote sensing images,
it is compared with SCE loss and the commonly used Dice
coefficient loss function™ (Dice loss) for classification
problems. When the network is training, the variation
curves of segmentation accuracy and training loss with the
number of iterations are shown in Figs. 14 and 15,
respectively. It can be seen that the segmentation accuracy
of RAU-Net+AS loss is higher than that of the other two
network models. With the increase of the number of
iterations, the training loss of RAU-Net+ AS tends to be
flat and converges first, the second is RAU-Net+SCE
loss, and the last is RAU-Net+ Dice loss. It proves the
effectiveness of the new loss function proposed theoretically.
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4 Conclusions

In this work, we proposed a road extraction model
RAU-Net for remote sensing images by changing the
encoding structure of the U-Net. The residual module
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was used to deepen the number of network layers so as to
enhance the low dimensional detail information in
network propagation and improve the segmentation
accuracy. The channel attention mechanism was
introduced into the decoder to recalibrate the features
and increase the extracted detail information. The

adaptive loss function was used to obtain clear boundary

with high confidence and improve segmentation
accuracy. Experiments show that the proposed RAU-
Net performs better than FCNS8S, ResNet34,

DeeplabV2, U-Net and Attention U-Net in the four
indexes of IoU, accuracy, recall and kappa coefficient,
and the
characteristics of road are somewhat similar to those of

improvements are obvious. Because the

rail transit, and a dense road environment still has a
certain impact on the accuracy and completeness of the
road extraction, the proposed model needs to be further
optimized.
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