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Abstract: Determining samples is considered to be a precondition in deep network training and
learning, but at present, samples are usually created manually, which limits the application of deep
networks. Therefore, this article proposes an OpenStreetMap (OSM) data-driven method for creating
road-positive samples. First, based on the OSM data, a line segment orientation histogram (LSOH)
model is constructed to determine the local road direction. Secondly, a road homogeneity constraint
rule and road texture feature statistical model are constructed to extract the local road line, and on the
basis of the local road lines with the same direction, a polar constraint rule is proposed to determine
the local road line set. Then, an iterative interpolation algorithm is used to connect the local road lines
on both sides of the gaps between the road lines. Finally, a local texture self-similarity (LTSS) model
is implemented to determine the road width, and the centerpoint autocorrection model and random
sample consensus (RANSAC) algorithm are used to extract the road centerline; the road width and
road centerline are used to complete the creation of the road-positive samples. Experiments are
conducted on different scenes and different types of images to demonstrate the proposed method and
compare it with other approaches. The results demonstrate that the proposed method for creating
road-positive samples has great advantages in terms of accuracy and integrity.

Keywords: road-positive samples; OSM data; remote sensing

1. Introduction

Extracting roads from high-resolution remote sensing images is an effective way to update
road information, which can provide not only reference data for map updates [1] and traffic flow
assignment [2] but also decision-making bases for vehicle navigation [3] and smart city planning [4].
Therefore, many scholars have performed research in this field. According to the time sequence of road
extraction research, this article divides the road extraction methods into traditional methods and deep
convolution neural network methods. Traditional methods construct the theoretical mathematical
model and compute the solution. For example, considering a road’s geometric features, the road
extraction methods include parallel edge [5,6], line segment [7], and path morphology [8]. Furthermore,
Kass et al. [9] proposed a snake model, which fully uses the road geometric features and extracts roads
by solving the extreme value of the energy function in a certain region. Considering the spectral texture
homogeneity of a road, the classical method is an object-oriented method [10]. In this method, the road
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is regarded as a region with a certain geometric regularity and texture homogeneity. The road region is
divided by segmentation, and the road is extracted by classification and post-processing methods.

Due to the complex environmental changes inside and outside a road, the automation and accuracy
of the traditional methods are still deficient. With the advent of the era of artificial intelligence and
deep learning, many scholars have turned to the study of deep networks for road extraction. A deep
network mines image features based on a large number of samples and uses a discriminant function
to predict the probability value of a road image at the pixel level. Since 2012, some scholars have
introduced deep networks into the field of road extraction [11–15]. For example, Teerapong et al. [16]
proposed an enhanced deep convolution neural network framework. The activation function of the
exponential linear unit is embedded into the neural network to extract roads, and then a method based
on landscape measurement and a conditional random field is used to improve the accuracy of the road
extraction. Through the training of the image sample sets, the deep network can effectively solve the
occlusion problem in road extraction [13,17–19]. At present, the sample creating is usually performed
manually, which often leads to a shortage of sample sets, and reduces the performance of the deep
learning [17–20].

At present, there are three types of sample creating methods, namely, strong supervised learning,
weak supervised learning, and semi supervised learning. Among them, strong supervised learning
simplifies the problems in the real scene, which means that it does not hold true in many real scenes.
What we get in real scenes is relatively weak supervision information, so weak supervised learning
and semi supervised learning have been widely considered by researchers [21–23]. Generally, weak
supervision can be classified into incomplete supervision, imprecise supervision, and inaccurate
supervision. Semi supervised learning uses a small number of labeled samples and a large number of
unlabeled samples to train the classification model. Semi supervised learning is mainly divided into the
four categories of a generative-based method [24,25], low density segmentation-based method [26,27],
divergence-based method [28,29], and graph-based method [21–23]. The above methods are based
on the existing samples, but the problem of creating samples without prior samples has not been
discussed in depth.

In recent years, with the help of Web2.0, more and more volunteers are creating voluntary
geographic information (VGI). VGI includes OSM data, GPS data, navigation data, etc. Some
researchers have attempted to extract roads from existing geographic data [30–32]. For example, Cao
and Sun [31] determined the candidate road seed points through an analysis of GPS points, ascertained
the segmentation peak perpendicular to the road by filtering and difference, established the road
centerpoint through the gray mean value and segmentation size, and connected the road centerpoints
to form the road centerline. The above methods can extract roads from geographic data, but the
extracted roads are misclassified or fractured, which leads to the low accuracy of extraction and
sometimes requires manual participation. OSM is the most influential and far-reaching project in VGI,
where volunteers share map data all over the world by using crowdsourcing. The volunteers who
participate in the project do not necessarily have the professional qualifications or background in the
field of geographic data collection or measurement. Consequently, these data may not necessarily meet
professional standards in terms of accuracy [33]. However, considering that OSM data can provide
some initial road information, some scholars turn to OSM data to extract roads [32–35]. For example,
Li et al. [32] proposed a method for extracting highway networks from OSM data. However, due to the
complexity of road structures, this method easily identifies non-roads as multi-lane roads. Compared
with other geographic data, OSM data cover a wide range and are easy to obtain. Therefore, inspired
by the road extraction that uses OSM data, to solve the problems of the current road sample creation
described above, we propose an OSM data-driven method for road-positive sample creation. The rest
of the article is arranged as follows: Section 2 introduces the materials and methods; Section 3 describes
the experimental analysis and evaluation; a discussion is presented in Section 4; and a summary and
future work are described in Section 5.



Remote Sens. 2020, 12, 3612 3 of 21

2. Materials and Method

2.1. Experimental Data

The proposed method is based on panchromatic high-resolution remote sensing images with a
resolution of less than 1 m and their corresponding OSM data. The algorithms were implemented in C
++ by using the Visual Studio 2013 platform. The input remote sensing images are orthophoto images
generated through pixel-by-pixel correction, mosaics, and clipping. Orthophoto has the characteristics
of a high geometric accuracy, rich image information, and intuitive reality [36]. The orthophoto images
in Experiments 1 and 2 were provided by Beijing Longyufangyuan Information Technology Co., Ltd.,
and the orthophoto images in Experiment 3 were provided by Beijing Guocexinghui Information
Technology Co., Ltd. Their corresponding OSM data were downloaded at the same time from
https://www.openstreetmap.org/.

To verify the effectiveness and universality of the method, considering that the OSM data in
densely populated areas are generally more accurate than that in sparsely populated areas [37], and the
road types between urban and rural areas are different, the following three ortho-corrected images
covering urban, rural, and suburban areas were selected for the experiments.

The image shown for Experiment 1 (urban area) is a remote sensing image of the GeoEye-1
optical satellite that covers the urban area of Hobart, Australia, and was taken in February 2009
(leaf-on). The image size is 5000 × 5000 pixels with a spatial resolution of 0.41 m and the WGS-84
coordinate system. The roads in the image may be hidden by a small amount of vehicle noise, shadow
shading, and the local road width has continuous change phenomenon. To verify the effectiveness of
the proposed method, Experiment 1 images were selected as data for the comparative experiment.
We compared the method with the deep learning model [13,38]. It is mainly considered that the
current methods are usually based on prior samples for sample enhancement. However, our method is
based on no prior samples to create samples automatically, which leads to less comparison methods.
The proposed method was implemented using a PC with an NVIDIA GTX 1060TI and 8 GB of onboard
memory. This image was cut into 1521 images according to the size of 128 × 128 pixels. After image
reverse and rotation data enhancement, 3240 images were generated. These images were divided into
10 samples, of which 90% of the images (2916 images) were used as the training set, and the remaining
324 images constituted the verification set. The test set contained an image with a resolution of 5000 ×
5000 pixels.

The image shown for Experiment 2 (rural area) is a remote sensing image of the high-view
optical satellite that covers the rural area of Huludao, China, and was taken in August 2017 (leaf-on).
The image size is 2000 × 2000 pixels with a spatial resolution of 0.5 m and a WGS-84 coordinate system.
Compared with urban roads, the characteristics of rural roads in the image show the larger curvature
of the local roads.

The image shown for Experiment 3 (suburban area) is a remote sensing image of the GF2 optical
satellite that covers the suburban area of Huludao, China, and was taken in July 2015 (leaf-on).
The image size is 3000 × 3000 pixels with a spatial resolution of 0.81 m and a WGS-84 coordinate
system. The image contains two different types of roads, specifically, urban roads and provincial roads.

2.2. Methodology

Inconsistencies in orientation and position appear when the OSM is superimposed on the
orthophotos. These inconsistencies cannot be ignored as they will reduce the reliability of the
road-positive samples. Hence, to obtain more reliable road-positive samples, with regard to the
proposed method of the article, we (a) propose in Section 2.2.1 an LSOH model to determine the
local road direction; (b) in Section 2.2.2 propose the road homogeneity constraint rules, road texture
feature statistical model, and polar constraint rule to extract the local road line set; (c) in Section 2.2.3
the iterative interpolation algorithm is used to connect the local road lines on both sides of the gaps
between the road lines; and (d) in Section 2.2.4 an LTSS model, a centerpoint autocorrection model,

https://www.openstreetmap.org/
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and the RANSAC algorithm are used in turn to extract the road width and road centerline to complete
the creation of the road-positive samples. Figure 1 shows a flowchart of the proposed method.Remote Sens. 2020, 12, x FOR PEER REVIEW 4 of 20 
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Figure 1. Method flowchart.

2.2.1. Local Road Direction Determination

Since the direction indicated by the OSM data is not necessarily consistent with the road directions
in the image, it is necessary to adjust them. The line segment between a pair of adjacent nodes of OSM
data is defined as the local OSM vector, and the local road direction is consistent with the corrected
direction of local OSM vector in the proposed method. Generally, there is a certain relationship
between the road direction and the edge information in the road neighborhood. For example, the edge
information of the indication line in the road, the motor vehicle, the separation zone, and buildings are
consistent with the road direction. Therefore, from the perspective of road geometric characteristics,
an LSOH model is proposed to adjust the direction of the OSM data to the road direction in the Figure 2.
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(1) Buffer settings
In OSM data, roads are usually organized and expressed in the form of connected nodes. In the

proposed method, the local OSM vector is used as the buffer axis. The statistical analysis of a large
number of OSM data and road images shows that, in our case, the error between them is usually less
than 3 m. Therefore, Equation (1) is used to determine the buffer width in the proposed method:

w = 2 ∗W0/r (1)

where w is the buffer width, W0 is 3 m, and r is the image spatial resolution.
(2) LSOH model
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Figure 2a shows the overlay of OSM data and the line segment extraction results with the image
and a locally enlarged image. The red line segment is the result extracted from the remote sensing
image by using the line extraction method for chain code tracking with phase verification [39]. In the
buffer, the road, buildings, and other features provide a large number of edges. In the road direction,
the road edges provide a long line segment, while in the non-road direction, the edges of the buildings
and other features are short line segments. Accordingly, the LSOH model is constructed by counting
the length of the line segment from different orientations and adding it to the line segment orientation
histogram. The error between the OSM data direction and the road direction in the image is small;
therefore, the angle constraint threshold σ is set. Based on the OSM data direction θn, the line segments
within the range of [θn − σ, θn + σ] are analyzed. The angle constraint threshold σ setting is shown in
detail in the parameter settings of Section 3.2. Figure 2b shows the LSOH model. It is constructed
with the angle of the line segment as the X-axis, the magnitude unit is γ, the range is 0–180◦, and the
accumulated length of the line segment from different orientations in the buffer represents the Y-axis.
The magnitude unit γ is shown in detail in the parameter settings of Section 3.2. To ensure the accuracy
of the local road direction and avoid the interference of other features, the statistical peak of the
orientation provided by the model is constrained in the proposed method as follows. When Equation
(2) is satisfied, the peak of the angle is the local road direction.

HF ≥ λ ∗HS (2)

where HF is the maximum peak in the LSOH model, HS is the secondary peak, and λ is the scale factor.
The scale factor λ is shown in detail in the parameter settings of Section 3.2.

2.2.2. Local Road Line Set Extraction

As an artificial ground object, roads generally have texture homogeneity and linear geometric
characteristics [40]. However, in an image, roads may be hidden by vehicles (traffic noise), shadow from
surrounding buildings, or other phenomena. Therefore, based on the local road direction determination,
the following steps are carried out to extract the local road line set: the road homogeneity constraint
rule; the road texture feature statistical model; and local road line set extraction. A road segment in the
image corresponding to the local OSM vector is defined as the local road line, and several adjacent
local road lines with the same direction constitute the local road line set.

(1) Road homogeneity constraint rule
According to the idea that the road homogeneity is higher than that of adjacent features,

the candidate local road line buffer is first constructed in the proposed method, which takes the
corrected local OSM vector as the symmetry axis and w as the width, where w is calculated by Equation
(1). In the buffer, based on the centerpoint of the corrected local OSM vector and by taking the corrected
local OSM vector as the symmetry axis, a template with a width of 1 is constructed, as shown in
Figure 3. Then, along the direction perpendicular to the local road direction, the template is then
selected in Step 1. Consequently, the black point in Figure 3 is the centerpoint of the template, which
forms the candidate local road line template set V, where V = {V1, V2... Vi... Vn}. The texture variance
TFVi and image mean value Gi of the Vi template are calculated, TFVi are ordered from smallest to
largest, the minimum value TFVmin and its corresponding Vi are determined, and TFVmin and the
image mean value Gi of Vi are tracked. Meanwhile, the secondary minimum value TFVn_min and Gn_i
are tracked, where Gi and Gn_i should satisfy Equation (3).

Gn_i −Gi ≥ η (3)

where Gn_i is the TFVn_min corresponding to the image mean value, and η represents the constraint
threshold of the image value. The constraint threshold of image values η is shown in detail in the
parameter settings of Section 3.2.
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Figure 3. Road homogeneity constraint.

(2) Road texture feature statistical model
In most cases, the pavement material is the same or similar and has similar texture feature

information. Sometimes, in an image, local roads may be hidden by noises, which indicates the
difference between the image mean value of the candidate local road line template and the image mean
value of the entire road. However, most parts of the candidate local road line templates still have a
similar image mean value. Thus, the image mean value of the candidate local road line templates
with the same direction is statistically analyzed. To highlight the characteristics of the image value
homogeneity in the road interior, two groups of parameters (αmin, Gi) and (αn_min, Gn_i) are determined:
αmin is 1, and αn_min is TFVmin/TFVn_min. A histogram is constructed according to the image mean
value G as the X-axis and the accumulated value α as the Y-axis to obtain the peak value αmax and
corresponding Gmax, and the Gmax is taken as the road texture feature in the proposed method. Figure 4
clearly shows that the Gmax roughly ranges from 20 to 30.
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(3) Local road line set extraction
After the road texture features are determined, the local road line set must be optimized. This

step includes local road line location selection and the optimization of the local road line set based on
the polar constraint.

1. Local road line location selection

The Gi and Gn_i of the candidate local road line templates are analyzed according to the image mean
value of the overall road Gmax to determine whether it meets the road texture feature, in accordance
with Equation (4). If one of the candidate local road lines satisfies Formula (4), then it can be determined
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as the local road line, but when no candidate local road line satisfies Formula (4), then the template
set V = {V1, V2... Vi... Vn} is reordered according to the variance TFV from smallest to largest. Then,
the local road line of the corresponding G value that satisfies Equation (4) is found:

Abs(Gmax −G) ≤ δ (4)

where G is the image mean value of the candidate local road line and δ is the constraint threshold.
The constraint threshold δ is shown in detail in the parameter settings of Section 3.2.

2. Optimization of the local road line set based on the polar constraint

As shown in Figure 5, the local road line set can be determined by using the local road line
obtained earlier, but it is difficult to ensure collinearity, because the local road line is determined by
the image texture in the proposed method. When there is noise in the local road, the local road line
may not be accurately extracted. As shown in Figure 5, according to the Hough model [41], the polar
coordinates ρ of the different collinear local road lines are the same. Therefore, different local road lines
can form a set of [ρ0, ρ1 . . . , ρn]. Considering that the middle position of the road line is appropriate,
in the proposed method, the median value of the set is selected as the local road line set parameter and
moves the local road line to conform to the slope of this position.
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As shown in Figure 5, the polar coordinate ρ values of the differently colored parallel local road
lines are calculated, the median value in the set of ρ is selected to translate the local road line, and the
optimization results of the local road line set shown in Figure 5b are obtained.

2.2.3. Road Line Connection

Roads generally have continuous straight lines or smooth curves with slow changes. The complete
road line extraction in the image that corresponds to any OSM vector is defined as the road line in
the proposed method. However, due to large curvature, it is difficult to accurately fit straight lines.
In addition, the road texture feature is used to extract the local road line set. When there is vehicle
occlusion in the image, it is likely that no suitable local road line is extracted, which results in road line
fracture; simultaneously, due to less linear information at the intersection, it is difficult to extract the
road line. In view of the above situation, first, if the local road lines on both sides are collinear—this
phenomenon is often the fracture caused by road congestion—then the local road lines on both sides of
the fracture can be directly connected. Secondly, when the local road lines on both sides of the fracture
are not collinear, the iterative interpolation algorithm [42] is used to connect the local road lines on
both sides of the fracture to ensure the connectivity of the road lines.

As shown in Figure 6, the endpoints of the local road lines on both sides obtained in the early
stage are regarded as the seed points; a connection line is established between the seed points, and the
optimal road points are searched on the vertical line of the connection lines. The optimal road points
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are regarded as the new seed points, and the optimal road points are again searched between each
pair of seed points until the Euclidean distance of all adjacent seed points is less than the specified
threshold value. Finally, all seed points are connected with straight line segments. The optimal
matching template of the road points is as follows:

fi = ((Wmax − |Wi −WIST |)/Wmax) ∗ a +
∣∣∣cos(θi)

∣∣∣ ∗ b (5)

where fi is the similarity probability of the template, Wmax = max {Wi −WIST|, i is the template number
}, Wi = avg {W (xi, yi) xi, yi ∈ the coordinates of the ith template on the vertical line}, WIST = avg {W (x,
y) (x, y ∈ the coordinates in the initial seed template}, and W (x, y) = G (x, y) − avg (RAT), and avg
(RAT) is the image mean value of the image in the road point template.
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2.2.4. Road-Positive Sample Creation

The width of an entire road is usually uniform. Based on this consideration, on the basis of the
previously determined road line and according to the image texture and consistency of the overall
road width, a LTSS model is first constructed to determine the road width; then, the road centerline is
extracted using a centerpoint autocorrection model and the RANSAC algorithm. The road width and
road centerline are finally used to create road-positive samples. In the image, the connection line of the
centerpoints of the road cross section is defined as the road centerline. The creation of a road-positive
sample is divided into the following steps.

(1) Road width determination
According to the characteristics of the large internal similarity of the road and the great difference

between the road and the background, a LTSS model is constructed to determine road width, which is
divided into the following three steps.

1. Statistical region construction

By referring to the composition of the template set V in Figure 3, the statistical region template set
P, P = {P1, P2... Pi... Pm} is formed. The difference is that, as shown in Figure 7, the buffer is centered
on the local road line, and its width is determined according to the basic knowledge of the road (for
example: if the maximum width of an urban road is 40 m, then 1.5 times the upper limit of the scope is
the buffer width).
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2. Local road width determination

According to the characteristics of the high internal similarity of roads and the great difference
between roads and backgrounds, the image value level of 0~255 is linearly compressed to the range of
[0, 255/G] in the proposed method, where G is the magnitude unit. The magnitude unit G is shown in
detail in the parameter settings of Section 3.2. As shown in Figure 8a, the texture self-similarity Rm

between the different Pi template and the local road line Cn template is calculated as follows:

Rm = 1− abs((sn − sm)/smax) (6)

where sn is the ratio of the image mean value of the local road line to G, sm is the ratio of the image mean
value of each template in the P set to G, and smax is the maximum value of the s difference between the
local road line template and each template in the P set.
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Figure 8. Local texture self-similarity analysis.

Figure 8b takes the local road line Cn as a reference, generates samples in sequence according to a
distance of 2 pixels, and uses Equation (6) to search for the texture similarity value Rm from both sides
to obtain the local road width of 12 pixels.

3. Road width determination

The road image is partially disturbed by noise such as vehicles, and the local road width may
have deviations; however, the entire road width is uniform. Therefore, probability statistics is carried
out in the proposed method for all local widths of a road to determine the overall road width.

As shown in Figure 9, we constructed a histogram with the road width as the horizontal axis and
the frequency as the vertical axis, and the statistical peak point is the road width W.
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Figure 9. Probability statistics of road width.

(2) Centerpoint autocorrection
If a road line is located in the center of the road, based on the determined road width, road-positive

samples can be accurately created by extending both sides of the road. When there is interference in
the road, the extracted road line is might not coincide with the road centerline in the image, so it is
necessary to extract the road centerline. Based on the determination of the road width, the circular
template [43] method is used to update the position of the points on the road line. This method uses
the gradient comparison of the circular template of the current point and the neighborhood points to
complete the calculation of the road centerpoint and the road width. However, in our method, the road
width was determined in the early stage, and we thus use the circular template with a fixed width
to update the position. As shown in Figure 10, the green line is the determined road width, the red
and blue circles are the correction templates, the black points are the points on the original road line,
and the red points are the points on the road line after correction.
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(3) Road-positive sample creation
By starting from the road centerline, and searching both sides with half the road width,

the road-positive sample can be created. However, the corrected centerpoints may still contain
inaccurate points. To solve this problem, the RANSAC algorithm [44] is used in the proposed method
to fit the road centerpoints that have been obtained to form a more accurate road centerline:

Y = a ∗ x2 + b ∗ x + c (7)

where a, b, and c are parabolic parameters.
Equation (7) is the parabola road line fitting model selected in the proposed method. The RANSAC

model is used to calculate three points each time to determine the parameters. By setting the sampling
times as 1000, the maximum points in accordance with Formula (7) are selected to determine the
parabola parameters and the beginning and ending points of the parabola are determined by the
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projection of two ends of the OSM vector line on a road cross section. Accordingly, a more accurate
road centerline is obtained.

3. Experimental Analysis and Evaluation

3.1. Comparison Method

The deep learning method is the focus of road extraction. To verify the effectiveness of our method,
we compared it with the deep learning method and used U Net [13] and CNN [38]. The residual
U-shaped network [13] is based on the U-shaped network. Adding the residual module increases the
depth of the network without changing the image resolution; the end-to-end road extraction target
is achieved by using the jump structure. An improved CNN structure based on the road [38] first
uses the first 13 convolution layers of VGG [45] to extract the levels instead of the manual features in
previous road extraction methods. Secondly, three additional convolution layers are used to adapt to
the road structure. Then, a deconvolution and fusion layer are combined, and a cross entropy loss
function with road structure constraints is proposed. In the parameter setting, the number of network
iterations is set to 30. The specific experimental settings are shown in Table 1.

Table 1. Comparison method parameter setting table.

CNN UNet

Network layer 37 57

Convolution kernel size 3

Pool size 2 * 2

Padding same

Activation function ReLU

Optimization function Adam

Loss categorical_crossentropy

3.2. Parameter Analysis

The proposed method sets six parameters, which are the angle constraint threshold σ,
the magnitude unit γ, the scale factor λ, the constraint threshold of image value η, the constraint
threshold δ, and the magnitude unit G. The reason for setting these parameters is discussed in
this section.

(1) Angle constraint threshold σ.
Considering the result of the line segment extraction in the image, it includes not only the edge

of the road-related features but also the edges of the buildings perpendicular to the road direction.
To reduce the interference, the angle constraint threshold σ is set. To obtain the best threshold,
the threshold analysis chart is drawn with the angle constraint threshold as the horizontal axis and the
local road directional accuracy as the vertical axis. As shown in Figure 11, when σ is 45◦, the accuracy
is the highest. Therefore, σ is set as 45◦ in this article.

(2) Magnitude unit γ.
In the local road line, the road direction usually changes little, so the magnitude unit γ is set as 15

in this article.
(3) Scale factor λ.
This parameter mainly highlights the relationship between the peak value of the line segment and

the local road direction. If the value of λ is too small, it is easy to extract the wrong local road direction
in the case of multiple peaks; if the value of λ is too large, it will lead to the problem of difficulty to
predict the local road direction. Therefore, as shown in Figure 12, the local road direction accuracy
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obtained under different λ conditions is analyzed in this article, from which it can be determined that
the local road direction accuracy is the highest when λ is 1.5.
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(4) Constraint threshold of the image value η.
This parameter mainly considers the determination of candidate local road lines under the

condition of road interference. To highlight the difference between the different candidate local road
lines, the local road line extraction accuracy obtained under different η conditions is analyzed in this
article. As shown in Figure 13, when the constraint threshold of the image value of η is 125, the accuracy
of the local road line is the highest. Therefore, the constraint threshold of image value η is set to 125 in
the proposed method.

(5) Constraint threshold δ.
The threshold is mainly used to judge whether the candidate local road line is an effective local

road line. If it is set too low, it is easy to exclude the correct local road line. If it is set too high, it is
easy to reduce the accuracy of the local road line extraction. As shown in Figure 14, the local road line
accuracy obtained under the different δ conditions was analyzed and thus δ was set to 20.
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(6) Magnitude unit G.
Due to the influence of noise, the homogeneity of the road texture is bound to decline. If the

setting of G is too small, the homogeneity of the road texture cannot be reflected. If G is too large,
the non-road line may be mistaken for the road. Thus, G is set as 15 in this article.

3.3. Evaluation Index

To evaluate the effect of the extraction method in this article, three quantitative evaluation indexes
were selected, namely, the integrity rate, accuracy rate, and extraction quality [46]. The calculation
formulas of the three evaluation methods are as follows:

Integrity rate:
Com = C/(C + N) (8)

Accuracy rate:
Cor = C/(C + I) (9)

Extraction quality:
Q = C/(C + N + I) (10)
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Among them, C is the total area of the correctly extracted road-positive samples, I is the
total area of incorrectly extracted road-positive samples, and N is the total area of the unextracted
road-positive samples.

3.4. Experimental Results and Analysis

3.4.1. Experiment 1

As shown in Figure 15, there is a certain position deviation after the OSM data were superimposed
onto the orthophoto. We compare the proposed method with other methods. As shown in Figure 15,
the CNN model and UNet model do not achieve a good extraction effect for most types of road,
and there are road over-extraction and fracture phenomena. Especially for the road line with tree
occlusion shown in the CNN model’s local view in Figure 15e, there are errors in the road extraction,
which are caused by the deep learning mechanism. Similarly, as shown in the local enlarged view
of the UNet model in Figure 15, the road extraction that uses the UNet model fails to show a good
extraction effect, and some non-road areas are incorrectly extracted, which does not meet the standard
of road-positive samples. Moreover, due to the shadow occlusion phenomenon on the road, the method
does not have great anti-noise ability, and the occluded road line is broken, which has not been
extracted completely and accurately. Compared with the two models, the experimental results of the
method proposed in this article have the characteristics of high accuracy, which can be clearly shown
in the local view of the proposed method in Figure 15. For the road with less noise and occlusion
shown in the local view in Figure 15b–d, the proposed method can complete the creation of positive
road samples. However, for large occlusion areas, as shown in Figure 15e, the proposed method can
still guarantee the connectivity of the roads. The method proposed in this article is effective for road
intersections, road bends and road lines shaded by vehicles and trees, and the quality advantage of the
extraction is obvious. However, the CNN model and UNet model cannot extract roads well, especially
the CNN model, which is unsuitable for creating road-positive samples.
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3.4.2. Experiment 2

The local views of Figure 16a–e show the presence of vehicle noise, edge blur, a large curvature
change, and tree shadow occlusion in the road. To verify the proposed method, we show the results of
each step.
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As shown in Figure 16, the blue line is the OSM vector line. From the local view, we can see that
there is a deviation between the road direction provided by the OSM and the road direction in the
image. This problem will increase the difficulty of the subsequent road line extraction. Therefore, this
article introduces the results of the line segment extraction and creates the LSOH model to adjust the
direction of the OSM to determine the local road direction. As shown in Figure 16, in the local road
direction determination step, the violet line is the corrected OSM vector line. It can be seen that the
corrected OSM vector line can more accurately indicate the local road direction.

Based on the local road direction determination, the road homogeneity constraint, road texture
feature statistical model, and local road line set determination were used to extract the local road line
set in some areas, as shown in the local road line set steps in Figure 16b,c. However, it is also found
that when the road has an occlusion problem, as shown in Figure 16d,e, the local road line in this area
is not extracted, and road line fracture occurs. To solve this problem, this article uses the iterative
interpolation algorithm to take the endpoints of the local road lines on both sides obtained earlier as
seed points and searches for the optimal seed points on the vertical line. As shown in the local view of
the road lines in Figure 16d,e, the road lines at the fracture are connected.

According to the visual analysis of the results of road line extraction in Figure 16, it can be seen
that, although the road line is inside the road, it is not necessarily in the central area of the road.
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Therefore, this article creates the LTSS model to obtain the road width. Based on the determination of
the road width, the centerpoint autocorrection model is established, and the RANSAC algorithm is
used for fitting to obtain the road centerline. At the same time, the road-positive sample is created by
combining the road width. As shown in Figure 16, the road-positive sample has been extracted. This
indicates that the method is effective for complex rural roads with noise, fuzzy road edges, shadow
shading, and large curvature variation.

3.4.3. Experiment 3

As shown in Figure 17, the isolation belt is set in the middle of the local road, and there are high
levels of tree shadows and vehicle noise. The greatest difficulty lies in the fact that the local road has
a two-way lane, which leads to the poor texture homogeneity of the road, and greatly increases the
difficulty of road-positive sample creation. However, through the positive sample creation results
in Figure 17, it can be found that the method proposed in this article is still effective for road lines
with shadows, noise, and isolation bands. Due to the large amount of noise at the edge of the road,
the obtained local road width is generally slightly smaller than the real local road width, which results
in the statistical road width being less than the real road width, and leads to the incomplete extraction
of the road-positive samples. However, considering the complexity of the image and compared with
the ground truth, we can determine that the method proposed in this article still shows a good level
of accuracy.Remote Sens. 2020, 12, x FOR PEER REVIEW 16 of 20 
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3.4.4. Experimental Analysis

Most road samples are produced manually, and no study has provided samples for deep learning
by using traditional methods. Deep learning methods have strong generalizability, and the accuracy of
automatic extraction is widely recognized. Therefore, to fully verify the effectiveness of the method
proposed in this article, we compare the artificial road-positive sample method and two deep learning
network methods [13,38] with the proposed method.

The results of the three groups of experiments (Figures 15–17) and the ground truthing show that
the proposed method has good effects for road-positive sample creation. However, according to the
result map of the deep learning method shown in Experiment 1, the road extraction results are not
very satisfactory; there are a lot of over-extraction or under-extraction phenomena, and the extraction
effects for the shadow occlusion in the image are poor (Figure 15 CNN and UNet results). The specific
data are shown in Table 2. In terms of the integrity rate, accuracy rate, and extraction quality, the UNet
network and CNN network are lower than the proposed method. This is because deep learning
is a supervised learning method. In the process of network training, the network parameters are
updated by iterating the network training based on the existing samples, so that the network model
can effectively extract and represent the deep features and complete the complex feature mapping task.
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Therefore, the number, quality, type of samples, and training model will impact the results, which
makes the performance of a network model limited and fails to fully reflect the advantages of the deep
learning method. Therefore, it is necessary to create multi-regions and different types of road samples
automatically. The method proposed in this article can effectively solve the problems of shadow and
tree occlusion and create road-positive samples with good extraction quality. Furthermore, as shown
in Table 2, the total training and prediction time of the CNN network and U Net network were 366 min
and 352 min, respectively.

Table 2. Results of the different methods.

Method Com % Cor % Q % Time (min)

The proposed method 96.58 97.08 93.85 9

CNN network 71.34 89.51 68.85 366

UNet network 81.25 86.57 80.79 352

To verify the effectiveness of this method, the integrity rate, accuracy rate, and extraction quality
were used to evaluate the road-positive samples. As shown in Table 3, the results of the experiments
show that the extraction results of the proposed method suggest high integrity. Although Experiment
3 is greatly disturbed by noise, the integrity and extraction quality still reach approximately 85%.
Moreover, the three experiments took different times, among which Experiment 1 took the longest
time but was still within 10 min. This result is mainly due to the different coverage types and noise
types of the three groups of data. In Experiment 1, the image coverage area is Hobart City, Australia.
The OSM integrity is high, the image resolution is high, the road boundary is obvious, and the noise is
less. Therefore, the extraction integrity, accuracy, and extraction quality are high in the experiment.
In Experiment 2, the image covers rural areas, and the population density affects the integrity of the
OSM data. The data in densely populated areas are more complete than the data in sparsely populated
areas [47]. The image coverage area has a low population density, and only a few main roads have
OSM data. The roads in the image with corresponding OSM data are analyzed in this article, where
the number of roads is relatively small, and a small number of local error corrections directly reduces
the accuracy of the extraction results; therefore, the accuracy is the lowest in Experiment 2 among the
three experiments. In Experiment 3, the area covered by the image is suburban, densely populated,
and the scene is complex. There is a lot of vehicle noise at the edge of the road, and the situation is
complex and changeable. The road width determined by this method is smaller than the road width in
the image, which results in a low integrity and relatively low extraction quality.

Table 3. Results of the proposed method.

Experiment Com % Cor % Q % Time (min)

Experiment 2 94.21 97.02 91.56 4

Experiment 3 85.22 97.71 83.55 7

4. Discussion

To provide reliable road-positive samples for deep learning, the following four aspects are studied
in this article: considering the non-overlapping phenomenon between the OSM direction and the local
road direction in the image, the local road direction is determined by using the LSOH model; the local
road line set is obtained by using the road homogeneity constraint rule, road texture feature statistical
model, and local road line set extraction; the road line with an iterative interpolation algorithm is
connected for the road line fracture; and an LTSS model is created to determine road width, the road
centerline is obtained by using the centerpoint autocorrection model and the RANSAC algorithm,
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and the road-positive sample is created using the road width and road centerline. The specific
significance of this work is as follows:

(1) Effective connection between traditional methods and deep learning methods.

Traditional deep learning is dependent on samples mainly produced manually. To solve the
problem of insufficient samples, we usually expand the samples on the basis of existing samples,
but experiments show that the method of sample expansion does not have strong migration [48].
Thus, the creation of samples remains an obstacle that restricts the application of deep learning.
Compared with the deep learning method, the proposed method in this article is a traditional method.
The purpose of this method is to create road-positive samples automatically; that is, a process from 0 to
1, which aims to achieve the automatic creation of positive road samples, and provides basic samples
for the application of deep learning. This method therefore offers an effective connection between the
traditional method and the deep learning method.

(2) Enhancement of the universality of the deep learning method.

The deep learning method is limited by the number and type of samples, and it is difficult to
transfer different sample data. On the one hand, it increases the demand of sample production, but on
the other hand, it reduces the scope of the application of the deep learning method. The proposed
method in this article is based on OSM data to create road positive-samples and can form a variety of
road-positive samples under different interference conditions, such as occlusion, trees, and vehicles.
As a result, the pressure of sample creation is reduced, and an effective guarantee for the application of
the deep learning method is obtained.

5. Conclusions

Based on prior information provided by the OSM data, we propose a method for creating
road-positive samples. To solve the problem of divergence between the direction indicated by OSM
data and the local road direction in the image, we make full use of the image line segment to obtain
the local road direction, which is convenient for subsequent road line extraction. The local road
line set is extracted by the road homogeneity constraint rule, road texture feature statistical model,
and local road line set extraction. The problem of road line fracture is solved by using an iterative
interpolation algorithm. An LTSS model is established to obtain the road width. A centerpoint
autocorrection model and the RANSAC algorithm are used to solve the problem of the inaccurate
location of the road line, and the road centerline is obtained. Based on the road width and road
centerline, the road-positive sample creation is completed. Through the analysis of three groups
of different types of experimental data, the effectiveness of the algorithm is verified. In addition,
we compare the results of the road-positive sample creation with those of artificial production and
the deep network learning method. The experimental results show that the proposed method can
effectively create road-positive samples under interference from vehicles, trees, and local shadows
with a high extraction accuracy of approximately 97%. However, the proposed method in this article
still has shortcomings. For example, the template is used to find the centerpoint pixel-by-pixel, and the
parameter setting usually depends on the statistical results of the data set, which will affect the
timeliness and generalization ability of the method. In addition, the premise of creating road-positive
samples in this article is that the road is clear and the interference is relatively small; it is not suitable
for images with noise accounting for more than 20% of the total road area or without corresponding
OSM data. We will further improve the robustness, generalization, and timeliness of the method in
future studies.
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