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Abstract: The road network plays an important role in the modern traffic system; as development
occurs, the road structure changes frequently. Owing to the advancements in the field of
high-resolution remote sensing, and the success of semantic segmentation success using deep learning
in computer version, extracting the road network from high-resolution remote sensing imagery is
becoming increasingly popular, and has become a new tool to update the geospatial database.
Considering that the training dataset of the deep convolutional neural network will be clipped to
a fixed size, which lead to the roads run through each sample, and that different kinds of road
types have different widths, this work provides a segmentation model that was designed based on
densely connected convolutional networks (DenseNet) and introduces the local and global attention
units. The aim of this work is to propose a novel road extraction method that can efficiently extract
the road network from remote sensing imagery with local and global information. A dataset from
Google Earth was used to validate the method, and experiments showed that the proposed deep
convolutional neural network can extract the road network accurately and effectively. This method
also achieves a harmonic mean of precision and recall higher than other machine learning and deep
learning methods.

Keywords: road network extraction; deep learning; pyramid attention; global attention;
high resolution

1. Introduction

With the rapid development of remote sensing technology, high-resolution remote sensing
imagery has been widely used in many applications, including disaster management, urban planning,
and building footprint extraction [1–3]. Roads network play a key role in the development of
transportation systems, including the addition of automatic road navigation and unmanned vehicles,
and urban planning [4], which is important in both industry and daily living. Therefore, developing
a new method to extract road networks from high-resolution remote sensing imagery would be
beneficial to geographical information systems (GIS) and intelligent transportation systems (ITS) [5–7].
Extracting road networks has become one of the main research topics in the field of remote sensing
imagery processing, and high-resolution imagery has become an important data source to update
roads network in the geospatial database in real-time [8].

The structure of roads is complex and the road segments are irregular; the shadows of trees or
buildings on roadsides and the vehicles on the roads can be observed from high resolution imagery [9],
on the other hand, insufficient context of the roads in the remote sensing imagery is similar with the
roof of the buildings. The aforementioned issues make it more difficult to extract the road networks
from high-resolution imagery.
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Traditional artificial extraction methods were generally time consuming and contained abundant
mistakes made by human operators [6]. Recently, much research regarding the information extracted
from images in computer version fields has been used to successfully extract road networks in remote
sensing imagery [10,11]. A variety of road network extraction methods have been proposed by the
researchers, including unsupervised and supervised classification methods. Most of these methods
are based on classification; these methods extract the roads from remote sensing imagery using their
geometric, photometric, and textural feature.

Unsupervised methods usually extract roads using clustering algorithms. Miao et al. proposed a
semi-automatic method using the mean shift to detect roads [12]. The method extracts the initial point
from the road seed points, and then a threshold is used to separate the road and non-road. Unsalan
and Sirmacek extracted the road network based on the probability and graph theory [13]. Wang et al.
extracted the roads using object-based methods [14]. Their method contains three steps: texture
information extraction, road extraction and post-processing. Compared with unsupervised methods,
supervised methods are generally more accurate [15]. These methods, which include SVM, random
decision forests, and deep learning, extract the roads based on training using labeled samples [16].
Anwer et al. proposed two-stream deep architecture, where texture coded mapped images and RGB
stream were fused for remote sensing scene classification [17]. Yager and Sowmya used features
including gradient, intensity, edge length, etc., to train the SVM classifier and extract the roads from
remote sensing imagery [18]. Simler used 3-class SVM to detect roads by exploiting both spatial and
spectral features [19], which performed better on very high resolution (VHR) multispectral aerial
images. Markov random fields (MRFs) are widely used in edge detection, semantic segmentation,
etc. [20]. Zhu et al. proposed a MAP-MRF framework using MRF to extract the roads, while an SVM
plus Fuzzy C-Mean (FCM) model was proposed for semantic segmentation [21].

Encouraged by the good performance of the deep learning in kinds of applications [22,23],
the artificial intelligence (AI) methods have now attracted the interest of researchers to extracted
roads from high resolution satellite images [6,24–26]. The Fully Convolutional Network (FCN) and
its development model exhibit excellent information extraction capabilities [27–30]. Ramesh et al.
designed the a U-shaped FCN (UFCN) for road extraction by a stack of convolutions followed by
deconvolutions with skip connections [31]. Zhang et al. combined deep residual networks (ResNet) [32]
and U-Net [33], which allow for networks to be designed with fewer parameters, but obtain better
results [4].

Recently, some researches about local and global attention have been incorporated into neural
network architectures. Luong designed the attention-based neural network for translation [34].
Shang proposed neural responding machine with local and global attention for short-text
conversation [35]. Cui designed the attention-over-attention neural networks for reading
comprehension [36]. These attention units were designed for language or text processing, and they
cannot be used for extracting information form remote sensing imagery, especially for extracting the
roads, directly, because the remote sensing imagery has multiple scales and most of the roads are thin
but run thought almost all the sample imagery.

Previous studies have provided useful insights into semantic segmentation, which can be used
to extract roads from remote sensing imagery. However, high-resolution remote sensing imagery
provide not only detailed road information but also significant noise, including building shadows,
vehicles on the road, as well as trees along the roads. Furthermore, road structures are complex in
reality; different types of roads have different widths, and the surfaces of some buildings have the
same spectral characteristics as the roads. These problems make it difficult to extract local detailed
road information. A raw remote image has millions of pixels and is difficult to process directly.
Therefore, during road extraction, the images are clipped into samples measuring 512 × 512 pixels,
256 × 256 pixels, or other size. As the roads are continuous structures, they will run through the
clipped images. The global information in the clipped samples holds key morphological characteristics
of road structures. To resolve these mentioned problems, the detail local information including the
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the shadows and vehicles on the road as well as the turning information of the road, and the global
information about the roads continuity and the morphological structure should be extracted effectively.
A semantic labelling method is required to account for the global and local context and to increase the
accuracy of extraction of road networks from remote sensing imagery.

Considering the feature extractor of densely connected convolutional networks (DenseNet) [37] is
powerful enough, and it can take full advantage of features with less training time [37]; the symmetric
architecture of U-Net is good at semantic segmentation, this study attempts to improve the performance
of road extraction from remote sensing imagery based on DenseNet and U-Net. This work defined the
local information as detailed local context, such as the shadows of buildings and trees, vehicles on the
road and also the turning information of the road. In a sample, the global information is defined as the
continuity and the morphological structure of the roads. To extract the local and global information
defined above accurately, the local and global feature attention blocks are proposed, which were
designed by operating the convolutional and pooling layers (Sections 2.2 and 2.3) and aim to pay
attention to the local and global information respectively. They were designed to extract the local and
global road information richly and accurately. The method comprised of two steps: first, all the remote
sensing imagery, as well as the corresponding ground truth labels, were pre-processing to prepare
the dataset to train the designed model. Then, a deep neural network was designed to extract roads
from the pre-processed images. The proposed model produced binary maps, where the roads were
treated as the foreground and all the other objects were treated as the background. All the challenges
have resulted in an improvement in the extraction accuracy of the road network from remote sensing
imagery. The major contribution of this work is proposing a new model, which learnt from the
symmetric architecture of U-Net and was designed as contracting and expansive. DenseNet feature
extractor was used to extract the road features in contracting. Two units, the local and global feature
attention modules, were designed in the model of expansive. The proposed architecture defined as
global and local attention model based on U-Net and DenseNet (GL-Dense-U-Net). This paper explores
a novel supervised learning framework to extract roads from remote sensing imagery, which was
confirmed as accurate and effective by experimental results.

The paper is organized as follows. Section 2 presents the proposed approach. Section 3 describes
the experiment results and the parameters. Section 4 is a discussion of the method and Section 5
presents the concluding remarks.

2. Methods for Roads Extraction from High Resolution Remote Sensing Imagery

In this paper, a new deep neural network of image semantic segmentation model was proposed to
extract the roads from remote sensing imagery. First, the original remote sensing imagery were
pre-processed. To prepare the dataset for training the designed model, all the remote sensing
imagery and corresponding ground truth images were clipped by a fixed-size sliding-window.
Then, the designed deep neural network GL-Dense-U-Net model was introduced to extract the
roads. All the pre-processed samples were treated as the input of the model, and the output of the
trained model was the two-category classification maps. The categories were “road” and “others”,
which represent the road extraction results.

2.1. The Structure of Deep Convolution Neural Network

The proposed model in this paper was designed based on the DenseNet, which has shown
good performance in image classification, and is famous for several advantages, such as: alleviating
the vanishing-gradient problem in most deep neural networks; being powerful enough to extract
features and strengthen the feature propagation during training and evaluation, at the same time, it can
encourage feature reuse for classification or semantic segmentation; most importantly, the DenseNet
can reduce the number of parameters, which makes it easy to be trained. Meanwhile, encouraged by the
performance of the symmetrical structure of U-Net [33] in semantic segmentation, the GL-Dense-U-Net
was designed with two parts (Figure 1). The first part is designed to extract the features using the
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DenseNet (top of Figure 1), known as the contracting part. The second (expansive) part is designed to
generate the classification map based on the extracted features at different stages of the contracting part
(bottom of Figure 1). Each box represents the feature map with size of w × h × c existing in the top part
of Figure 1, where w and h represent the width and high, respectively, and c is the channels number of
the feature map. To take full advantage of the features in different stages and obtain good performance
of road extraction, these two parts were connected by a proposed local attention unit (LAU).
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Figure 1. The architecture of the GL-Dense-U-Net used in this work.

Compared with some other traditional deep convolution neural network structures, for each
feature extractor layer of the DenseNet, all the preceding layers were treated as the input of the
layer. Therefore, there are L (L + 1)/2 connections in an L-layer instead of only L, as is the case for
some traditional structures. In this way, The DenseNet will require fewer parameters during training,
because there is no need to re-learn redundant features. At the same time, each layer in the contracting
part has access to the gradients which form a loss at both the end of the model and at the beginning
of the structure, which improves the flow of information between layers and makes the weights and
biases easy to be trained.

The direct connection pattern is used in the dense block, where all the layers are connected,
and this structure improves the information flow between layers. To make sure all the layers in a dense
block are with same size, a 3 × 3 convolution with a padding operation is used in the block following
the BN layer [38] and ReLU layer [39], which is defined as non-linear transformation Tl(). Any feature
map xl can be calculated by the preceding layers, including x0, . . . xl−1 by Tl(), as follows:

xl = Tl([x0, x1, . . . , xl−1]) (1)

where [x0, x1, . . . , xl−1] is the concatenation operation of all the output layers 0, . . . l − 1.
As an important operation in the deep neural network, pooling [40] changes the size of the feature

maps, which aids in extracting the information from different levels during training, and acts as a
component between the convolution (Conv) layers. To facilitate down-sampling in the DenseNet
model and to take full advantage of the architecture, the dense blocks were connected by the pooling
operation following a 1 × 1 convolution with padding operation.
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The architecture of the proposed deep neural convolution network is symmetrical. The expansive
part is used to recover the road networks from feature maps extracted by contracting part. Every dense
block in the contracting part corresponds to a local attention unit (LAU) and a global attention unit
(GAU) in the expansive part, where a LAU is designed to extract the roads local information from
remote sensing imagery during the different neural network training stages. GAUs are used to
extract the global road information when recovering the information from deep level feature maps.
The designed extraction model is end-to-end, and the size of the output is the same as the input
remote sensing image. Therefore, some up-sampling operations are required in the expansive part.
During expanding, a LAU and a GAU are regarded as a group, which is followed by a deconvolution
layer [41] to enlarge the size of the feature maps. At the end of the model, a 1 × 1 convolution is
used to map the feature maps into two classes: road and non-road; the problem of extracting roads
can be resolved by binary classification. Training the deep neural convolution network is a process
of minimizing the energy function via the gradient descent [42]. Because the output of the softmax
function can be used to represent a categorical distribution, the energy function of model is defined as
the cross-entropy between the estimated class probabilities and the “true” distribution. To train the
convolutional neural layers and classifier coherently, soft-max layer and cross entropy [33] were used
in the network, where the soft-max layer is defined to calculate the classification probability, as follows:

pi =
exp(ai)

K
∑

k=1
exp(ak)

(2)

where pi represents the probability that a pixel is predicted to belong to class i. Because the images
in this work are classified into the foreground and background, the number of classes K is set as 2 in
the experiment. a is the output of the last layer in the model. In this work, the energy function can be
defined as follows:

E = − 1
N

N

∑
n=1

K

∑
i=1

[yn
i ln pn

i + (1 − yn
i ) ln(1 − pn

i )] (3)

where, N represents the number of samples in training dataset, y is the expected output and p is the
probability mentioned above.

2.2. Local Attention Unit

Inspired by pyramid feature maps extraction, the local attention unit was designed to provide
precise pixel-level attention to the feature maps extracted by DenseNet from deep levels. Benefitting
from the special structure, pyramid pooling can extract information from different scale feature maps;
at the same time, this design method helps to increase the receptive field, and is widely used in
semantic segmentation [43,44]. However, the pyramid structure does not give significant attention to
the global context information, and the channel-wise attention vector used in the structure is limited to
extract pixel-wise information [45].

Considering the analysis above, in order to extract the local pixel-level information of road
networks from remote sensing, the LAU is designed to fuse different scale feature maps and draw
attention to the pixel-level information from deep-level of the DenseNet. To improve the performance
of the LAU in extracting information from different scale feature maps, this paper applied four
different convolution operations with kernel sizes of 1 × 1, 3 × 3, 5 × 5, 7 × 7. The features are
integrated by the LAU from bottom to top in a stepwise fashion (Figure 2), in this way, the context
information from neighboring scales can be incorporated precisely. At the top of the LAU, the 1 × 1
convolution is designed to be multiplied pixel-wise by the feature information extracted from bottom
convolution operations. The pyramid structure to fuse different scale information, while the pixel-wise
multiplication allows for better extraction of local pixel-level information for road extraction.
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2.3. Global Attention Unit

A road is a continuum, and so runs through all the images. Therefore, the global information
is important in the expansive part of road extraction from remote sensing imagery. There are some
semantic segmentation models designed for this part using bilinearly up-sampling to directly generate
the results [46,47]. The one-step decoder is limited to recovering location information and will lose
some global road features due to a lack of different scale low level feature-maps.

Encouraged by recent research, in which the contracting part was combined with the pyramid
structure to improve the performance of semantic segmentation, the global attention unit (GAU) was
designed in the expansive part. This GAU introduces global average pooling (GAP) into the unit to
extract global road information, which is connected to the result of deconvolution and is used as a
guide to recover the information (Figure 3). In detail, firstly, a 1 × 1 convolution and a dense block,
which corresponds with the block in contracting part, are applied to operate the feature maps from a
high-level; then, the features are operated in two ways, one using a deconvolution layer, and the other
employing a GAP operation followed by a 1 × 1 convolution and deconvolution. Finally, features
from the two methods are added together as the output of the GAU. This proposed unit considers the
feature maps from both low-levels and high-levels, effectively, and provides the global information to
guide feature recovery in the expansive part of the network.
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3. Results

3.1. Dataset

The high-resolution remote sensing imagery collected by Cheng, et al. [48] from screenshots
taken from Google Earth [49] were used in this work. The ground truth was manually labeled by the
reference maps, and the dataset is publicly available. There are 224 images in the dataset, and at least
600 × 600 pixels in each image. The spatial resolution of every pixel in the remote sensing imagery is
1.2 m as description in [48]. The dataset covers urban, suburban and rural regions. There are waters,
mountains and hills and lands covered by the vegetation. Most original images are under complex
grounds, which make the road extraction task very challenging. The ground truth images have two
kinds of pixels: including road and unknown (clutter); the road widths in the ground truth images
are about 12–15 pixels (Figure 4). To avoid the network learns using pixels that are reserved to the
independent testing dataset, all the samples and ground truth images were divided into two parts
randomly, where eighty percent were used to train the GL-Dense-U-Net model and twenty percent
were used to validate the trained model. The whole validating dataset were clipped into 256 × 256
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non-overlapping samples. To enhance the training samples, all the original images, as well as the
corresponding ground truth images, were clipped by a 256 × 256 sliding window with a stride of
64 pixels. To increase the size of our dataset and avoid padding or null values, all the clipped square
samples were rotated by 90◦, 180◦ and 270◦.
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3.2. Experimental Setup and Results

All the prepared samples, as well as the ground truth images, were treated as inputs to train the
proposed GL-Dense-U-Net model. The architecture and the parameters, including the size of every
block and number of blocks, etc., used in this work are shown in Figure 1. To improve the speed of the
training model, this work restored the weights of DenseNet which were pre-trained by the ImageNet
dataset for the contracting part. During training the model, an excellent optimization is required to
minimize the energy function and update the parameters of the model algorithm. Adam (Adaptive
Moment Estimation), one of the most commonly used algorithms [50], was treated as the network
optimizer to minimize the losses and update the parameters, including weights, biases, and so on.
To obtain a better performance and speed up the processing, during training, the learning rate of the
GL-Dense-U-Net model was set to 0.001, and was divided by 10 every 10,000 iterations.

Edges are important for roads extracting from the remote sensing images. Edge enhancement
is designed to reduce the noise by a filter and decrease the computation complexity. There are some
filters used in edge enhancing including contour filter, detail filter, edge enhance filter and so on.
All of these filters have been implemented by some image processing libraries such as python imaging
library (PIL) and the OpenCV. In essence, these filters are convolutional filter, they enhance the edges
of images by sum-weighted value of the convolution region. It is known that convolutional layers,
the extractor of DenseNet designed in the contracting part of proposed model, tend to extract low-level
features in the first layer, such as edges [51]. As shown in Figure 5, the edges can be extracted clearly,
which would play the role of edge enhancement and be beneficial for the roads extraction.
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To assess the quantitative performance of the proposed GL-Dense-U-Net model in road network
extraction from remote sensing imagery, the precision (P) and recall (R) [52] are introduced, as well as
the F1 score [53] and the overall accuracy (OA) metrics. The F1 score is calculated by P and R, and it is
a powerful evaluation metric for the harmonic mean of P and R, and it can be calculated as follows:

F1 = 2 × P × R
P + R

(4)

where
P =

TP
TP + FP

, R =
TP

TP + FN
(5)

Here, R measures the proportion of matched pixels in the ground truth and P is the percentage
of matched pixels in the extraction results. TP, FP and FN represent the number of true positives,
false positives and false negatives, respectively. OA measures the precision of road and non-road at
pixel level and it can be calculated as follows:

OA =
Posr + Posn

N
(6)

where Posr and Posn represent the positive number for road and non-road at pixel level, and N is the
pixels number of test imagery. All the metrics mentioned above can be calculated by the pixel-based
confusion matrices [54].

In this work, the proposed GL-Dense-U-Net model was implemented using the open source
framework Tensorflow, provided by Google. The code was executed in the Linux platform with
four TITAN GPUs (12 GB RAM per GPU). There were 100,000 iterations; the trained model achieved
state-of-the-art results (Table 1). Figure 6 shows the changes in accuracy and losses with increasing
iterations during the training of the model.

Table 1. The metrics of the model, including overall accuracy for the classification, precision and recall,
as well as the F1 score for road extraction from remote sensing imagery.

Class Precision Recall F1 OA

R 0.9630 0.9515 0.9572
0.9782C 0.9936 0.9956 0.9946

Where R stands for roads, and C represent clutter, and OA represents overall accuracy.
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The trained GL-Dense-U-Net reached a 97.82% overall accuracy, proving that the deep
convolutional neural network performs well in extracting roads from high-resolution remote sensing
imagery. To prove that the proposed method works in a generic sense, some data in commercial
areas, rural areas, deserts and imagery covered by vegetation were used to validate the proposed
method, respectively (Figure 7). There are five rows and three columns of subfigures. The first column
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represents the original image, the second column represents the corresponding ground truth and
the last column is the prediction by the proposed method. The performance of designed method in
commercial areas was illustrated by the first row. From the second row to the last row were used to
illustrate the results of deserts, rural, tropical and residential areas, separately.
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3.3. Comparison of the Proposed Method

This work uses the Dense Convolutional Network as the feature extractor in the contracting part,
which allows direct connections between two layers in a block, while keeping layers in the same block
within the same feature map size. During training, the DenseNet can achieve state-of-the-art results with
fewer parameters and less computation. The feature extractor follows a simple connectivity rule, which
is beneficial to integrating identity maps, deep supervision and diversified depth. In this way, the deep
neural convolutional network can consequently learn more information and reduce feature redundancy
for road extraction. The designed structure has shown good performance in image classification.
To demonstrate the function of the DenseNet in semantic segmentation, this work compared the model
which use DenseNet as the feature extractor with the model using a general convolutional neural
network as the feature extractor (U-Net). The comparison results were shown in Figure 8.
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DenseNet as feature extractors in the designed model.

The recall of U-Net is clear higher than the model using DenseNet as the feature extractor,
while the road extraction precision and F1 scores have improved by 10.59% and 4.33%, respectively.
By analyzing the results, it is clear that DenseNet is able to extract more road information, allowing
more precise pixel classification.

The proposed GL-Dense-U-Net model in this work is powerful for extracting roads from
high-resolution remote sensing imagery. The network extracts the road features via the DenseNet in
the contracting part, which shows drastic improvements over previous models. Because the original
remote sensing image must to be clipped to train the deep neural convolutional network, this paper
designed the LAU and GAU to obtain the local and global road information, while combining multiple
scales in different blocks in the expansive part. All of the improvements helped to recover the road by
the extracted information and to classify roads of different sizes.

To evaluate the effectiveness of the proposed GL-Dense-U-Net model on road extraction from
remote sensing imagery, this work was compared with some state-of-the-art methods, including the
deep learning methods like FCN [42] and U-Net [33]. At the same time, the newest deep convolutional
neural network DeepLab V3+ [55] was used to compare the proposed GL-Dense-U-Net model with.
To make the comparisons objective and fair, all the of the methods mentioned were tested with the
same set of images. The comparison results are exhibited in Table 2, where the best values of each
column were in bold font.

To show the improvements to individual images and the whole dataset, this work chose three
sampled images in the first three columns and the all the test dataset in the last column in Table 2.
The precision, recall and F1 score were calculated by state-of-the-art methods. From comparing results
of different methods (Table 2) we can see that the U-Net model (based on FCN), achieve higher recall
values. However, their comprehensive performances are unsatisfying and obtain a lower F1 score.
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Table 2. Comparison of the results of the proposed method with other methods, where the values in
bold are the best.

Image 1 Image 2 Image 3 ALL

P R F1 P R F1 P R F1 P R F1

FCN [42] 0.8027 0.9397 0.8658 0.8437 0.9624 0.8991 0.9756 0.8459 0.9061 0.8478 0.9307 0.8873

U-Net [33] 0.8303 0.9848 0.9010 0.8432 0.9942 0.9125 0.7953 0.9696 0.8738 0.8326 0.9708 0.8964

DeepLab V3+ [55] 0.9287 0.9211 0.9249 0.9552 0.9255 0.9401 0.9407 0.9458 0.9432 0.9415 0.9308 0.9361

Ours 0.9516 0.9537 0.9527 0.9797 0.9420 0.9605 0.9576 0.9589 0.9582 0.9630 0.9515 0.9572

Where P stands for precision, R represents recall and F1 score for the roads extraction, respectively.

U-Net model is robust to occlusions for convolutional operations after up-sampling in the
expansive part of the model. Though this method can achieve satisfactory results and improved recall
results, some false positives are introduced in some areas, such as the turning of the roads (the region
B in Figure 9), so that the comprehensive performances are unsatisfying. FCN and DeepLab V3+ are
sensitive to noise, roads in some regions like the shadows of trees (the region A in Figure 9) cannot be
extracted accurately. Benefited from the global and local attention units, the proposed GL-Dense-U-Net
model achieved relatively satisfactory performances in recall and the best values both in precision
and F1 score, therefore, the designed model generally achieves the best result. Specifically, the F1

score of our designed model is 2.11% higher than the next best compared method (DeepLab V3+ [55]).
The proposed GL-Dense-U-Net model obtained the highest F1 score and precision in all the separated
samples mentioned. All of them demonstrate that the combination of the proposed attention units and
the use of DenseNet as the feature extractor in the GL-Dense-U-Net model helped to achieve better
performance than other state-of-the-art methods. At the same time, the comparison validated this
work in terms of road network extraction from high-resolution remote sensing imagery.
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Figure 9. Visual comparisons of road extraction results with different comparing algorithms. (a) The
original remote sensing image. (b) The corresponding ground truth image of this region. (c) The results
using the GL-Dense-U-Net model. (d) Results of FCN. (e) Results of U-Net. (f) Results of DeepLab
V3+. Green, red and blue represents the TP, FP and FN, respectively.



Remote Sens. 2018, 10, 1461 12 of 16

4. Discussion

Local and global road information play important roles for extracting roads from the complex
remote sensing imagery. However, most of the road detection methods are limited for information.
To improve the performance of road extraction, this work proposes two modules: the local and global
attention units, which help to improve the ability to extract local and global information, respectively.
Profiting from these powerful units, the precision, recall and the F1 scores have been significantly
improved. To illustrate the effect of the two units, this work compared the results of the proposed
model while excluding either the LAU or the GAU; in both cases, the same training dataset was used.
All the assessed metrics are shown in Table 3:

Table 3. Comparison of the results while excluding either the LAU or the GAU, where the values in
bold are the best.

Elements OA Precision (R) Recall (R) F1 (R) Precision (C) Recall (C) F1 (C)

LAU and GAU 0.9782 0.9630 0.9515 0.9572 0.9936 0.9956 0.9946
Only LAU 0.9750 0.9565 0.9504 0.9534 0.9941 0.9938 0.9940
Only GAU 0.9699 0.9458 0.9543 0.9500 0.9942 0.9933 0.9938

Without both 0.9561 0.9385 0.9409 0.9397 0.9914 0.9921 0.9917

Where R stand for buildings and C represent clutter, and OA means overall accuracy.

The OA improved by 1.89% and by 1.38% when the designed model only including the LAU
and GAU, respectively. At the same time, the F1 score for road extraction improved by 1.37% and
1.03% for the models using only the LAU or GAU, respectively. When both the LAU and GAU were
designed in the deep convolutional neural network, the OA and F1 scores did not improve by the
addition of the aforementioned results, but did improves slightly over the single attention unit models.
The comparison illustrates that some road information in the original remote sensing imagery can be
extracted by both of the proposed units during model training, which proves that both of the proposed
units have the ability to extract features at different scales.

Global information plays an important role in extracting the roads from remote sensing imagery,
because the roads’ structure can run through almost all of the images. GAP operation followed by a
1 × 1 convolution and deconvolution were designed in the GAU, which can extract global information
and guide feature recovery. Therefore, the proposed GAU helps the model by improving all the metrics
of road extraction. The roads in the remote sensing imagery are complex, which makes it easy to miss
the local information during road extraction. The LAU is designed using the pyramid structure to
fuse different scales feature-maps and draw attention to the pixel-level information, aids the model
in road extraction, as shown in Figure 10. The results show that the performance is poor in some
local structures like A, C (which includes a tree shadow) and B (where the spectral characteristics are
similar to the road), when the LAU is excluded from the designed model. It is clear that the designed
GL-Dense-U-Net model is powerful enough to extract the local information of the road, and the pixels
were classified into different groups correctly.

As remote sensing technology develops, more satellites are being launched, which make it easier
to access high-resolution remote sensing imagery. Semantic segmentation of remote sensing imagery
plays an important role in practical applications, such as navigation and urban planning. This work
designed a new model, which improved the image classification performance for road extraction.
The trained model can be used to extract roads from other remote sensing imagery datasets directly or
just fine-tuning. On the other hand, the designed model can be retrained by the datasets of different
land uses and then extract their relative information. The model is adapted to imagery with more
than 3 bands by modifying the input channels in the first convolutional layer. However, the proposed
method is a novel supervised learning framework, and the dataset used in the experiment does not
contain the unpaved roads. Therefore, the trained model is invalid for extracting the unpaved roads.
The extraction results cannot directly function as vector data for navigation. In the future, a more
optimized deep neural network is required to extract the road to a vector format. At the same time,
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benefited from the performance of this work in extracting local and global information, the semantic
segmentation results can be used as additional information, like the road width, for the extracted
roads vector data to improve the development of transportation systems. Therefore, future work will
focus on how to generate reliable vector road networks using remote sensing imagery with more
information, which can be directly used for practical applications.
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5. Conclusions

In this paper, a novel deep convolutional neural network was presented to perform road extraction
from high-resolution remote sensing imagery. The major contribution of this work is the designed
road extraction model based on the construction of U-Net and the introduction of the DenseNet as the
feature extractor. At the same time, this work designed the local attention unit and global attention
unit in the expansive part of the model, which improved the precision and F1 score. The proposed
model aimed to extract the local and global information of roads in the remote sensing imagery and
improve the accuracy of road network extraction. The proposed GL-Dense-U-Net model did well in
labeling different scale roads in the remote sensing imagery because the DenseNet blocks in different
stages were used to guide the feature recovery in the expansive part. Experiments were carried out
on a high-resolution remote sensing imagery dataset. The roads were extracted successfully via the
deep convolutional neural network proposed in this work, and the results showed the effectiveness
and feasibility of the proposed framework in improving the performance of semantic segmentation
of remote sensing imagery. Qualitative comparisons were performed with some state-of-the-art
methods for semantic segmentation, such as the fully convolutional network (FCN), the U-Net, as well
as the new DeepLab V3+ method. Experimental results demonstrated that the proposed model
performed better than the other methods. The proposed method in this work can obtain improvements
in terms of the comprehensive evaluation metric, the F1 score, over the aforementioned semantic
segmentation systems.
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