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Road is an important kind of basic geographic information. Road information extraction plays an important role in
traffic management, urban planning, automatic vehicle navigation, and emergency management. With the
development of remote sensing technology, the quality of high-resolution satellite images is improved and
more easily obtained, which makes it possible to use remote sensing images to locate roads accurately.
Therefore, it is an urgent problem to extract road information from remote sensing images. To solve this
problem, a road extraction method based on convolutional neural network is proposed in this paper. Firstly,
convolutional neural network is used to classify the high-resolution remote sensing images into two classes,
which can distinguish the road from the non-road and extract the road information initially. Secondly, the
convolutional neural network is optimized and improved from the training algorithm. Finally, because of the
influence of natural scene factors such as house and tree shadow, the non-road noise still exists in the road
results extracted by the optimized convolutional neural network method. Therefore, this paper uses wavelet
packet method to filter these non-road noises, so as to accurately present the road information in remote
sensing images. The simulation results show that the road information of remote sensing image can be
preliminarily distinguished by convolutional neural network; the road information can be distinguished effectively by
optimizing convolutional neural network; and the wavelet packet method can effectively remove noise interference.
Therefore, the proposed road extraction method based on convolutional neural network has good road information

Keywords: Road extraction, Remote sensing image, Convolutional neural network, Training algorithm, Wavelet packet

1 Introduction

Geographic information system (GIS) has been widely
used in many fields. At present, the acquisition and
real-time update of GIS data is the most important bottle-
neck problem restricting the application of GIS [1, 2].
Traditional GIS data come directly from manual work site
survey and mapping. With the development of sensing
technology and remote sensing technology, it is possible
to use remote sensing satellite images to locate and iden-
tify the ground objects in GIS. This provides new ideas
and means for the dynamic acquisition and real-time up-
dating of GIS data and then the development of digital
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measurement and mapping, mobile target recognition,
and traffic planning. In recent years, the spatial resolution
of satellite sensors has been improved continuously. For
example, the spatial resolution of IKONOS-2 panchro-
matic band and near-infrared band images has reached 1
m and 4 m, and the spatial resolution of QuickBird pan-
chromatic band and multi-spectral band images has
reached 0.61m and 244 m. High-resolution remote
sensing satellite images can observe the detailed changes
of the earth’s surface on a small space scale. Using
high-resolution remote sensing satellite images to accur-
ately locate and identify the ground objects has become a
hot research topic in the field of space science.

Road is a kind of important basic geographic informa-
tion, which undoubtedly occupies a pivotal position in
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urban land use and economic activities. Highly accurate
and timely updating of road network information plays a
very important role in traffic management, urban plan-
ning, automatic vehicle navigation, and emergency man-
agement [3]. Using the computer to extract road
information from remote sensing images can not only
update the road network information in time to achieve
dynamic data acquisition, but also can be used for refer-
ence for the extraction of other linear features [4]. The
research of road information extraction by computer can
be traced back to the 1970s, and some achievements
have been made in the field of low-resolution remote
sensing images [5]. Some famous software companies
and research institutions, more representatives of RSI
and NASA, developed Feature Extension module and
ICREST software, respectively, and achieved good results
in low-resolution image applications. However, in
high-resolution satellite images, due to the complex
topological structure of the road and abundant scene in-
formation, it is often affected by many kinds of noise,
such as road vehicles, white lines, trees, and buildings,
so the effect is not satisfactory. Road extraction from
high-resolution remote sensing image is still a difficult
problem [6, 7].

To extract information from remote sensing images,
the object and image features must be distinctly ex-
tracted and translated into semantic description. Image
features are formed by the physical and geometric fea-
tures of the scene which make the local areas of the
image change significantly. The road’s image features
mainly include geometric, radiative, topological, and
contextual features. The road on the high-resolution
image shows a narrow and continuous region with slow
change of gray scale and geometric features. The main
characteristics of the ideal road are as follows [8-10]:

1. Geometric features: width consistency, large aspect
ratio, small curvature. The overall width of the road
is relatively uniform. The ratio of length to width of
a road in an image can be understood as greater
than a certain constant. For the road, the safety and
feasibility of vehicle turning are considered in the
design, and the bending rate is generally small and
changes slowly.

2. Radiation characteristics: mainly for the gray
characteristics, that is, the road gray level is
relatively consistent and changes slowly, and the
road surface and background has a certain contrast.

3. Topological characteristics: roads are connected all
the time, forming interconnected road networks,
and there will be no abrupt interruption in the
middle.

4. Contextual features: contextual features refer to the
image features associated with the road. The
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buildings and road trees along the road have been
relatively single, not covering the road surface, and
can be used to judge whether the urban road or the
rural expressway.

The reduction of visual difference between high spatial
resolution remote sensing image and natural image pro-
vides the condition for the application of convolutional
neural network in the field of remote sensing target recog-
nition. The great success of convolutional neural network
in natural image target recognition also promotes the ap-
plication of convolutional neural network in remote sens-
ing target recognition. However, remote sensing images
are more complex and changeable than natural images.
The large image size, image distortion, object occlusion,
shadow coverage, illumination changes, and texture het-
erogeneity and other factors bring great challenges to the
practical application of convolutional neural network in
high spatial resolution remote sensing image target recog-
nition. How to apply convolutional neural network to tar-
get recognition of high spatial resolution remote sensing
image is of great theoretical significance.

Based on the good performance of convolutional neural
network, this paper applies convolutional neural network
to road extraction of remote sensing image, puts forward
a road extraction method of remote sensing image based
on convolutional neural network, and effectively extract
road information from remote sensing images. The main
contributions of this paper are as follows:

1. Convolutional neural network is applied to road
information extraction from remote sensing images.

2. The convolutional neural network is used to classify
the high-resolution remote sensing images into two
classifications, to distinguish the road from the
non-road and to preliminarily extract the road
information.

3. The convolutional neural network is optimized and
improved from training algorithm.

4. Wavelet packet method is used to filter out non-
road noise caused by natural scenes such as houses
and tree shadows.

2 Related work

2.1 Convolutional neural network

Krizhevsky et al. (2012) [11] proposed the Alex Net
model. For the first time, convolutional neural network
was applied to large-scale natural image classification,
and won the champion of image classification group in
the 2012 Large Scale Visual Recognition Challenge
(ILSVRC). The error rate of 16.4% is about 10 percent-
age points lower than that of the traditional algorithm.
Consequently, the convolution neural network has set
off a research upsurge in the field of computer
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visionsuch as natural image classification, target
recognition, image segmentation . Since then, VGGNet
(Simonyan and Zisserman, 2014) [12], GoogLeNet
(Szegedy et al., 2016) [13] and other convolution
neuralnetwork models have been put forward one after
another, constantly refreshing the ILSVRC competition-
records. Girshick and Donahue (2014) [14] first applied
convolutional neural networks to target recognition
inlarge scale natural images. The proposed R-CNN model
obtained an average accuracy of about 20%higher than the
traditional algorithm. R-CNN model lays the foundation
of target recognition usingconvolutional neural network.
Subsequently, the improved R-CNN model, such as Fast
R-CNN (Girshick etal, 2015) [15], Faster R-CNN (Ren et
al, 2016) [16], has been proposed one after another, which
improves theaccuracy and speed of target recognition
significantly.

2.1.1 The structure of convolutional neural network
Convolutional neural network (CNN) is a kind of feed-
forward neural network, which is an efficient identification
method developed in recent years [23]. It was first proposed
by Hubel and Wiesel on the basis of the study of visual cor-
tex electrophysiology of cats. Convolutional neural network
is composed of input layer, convolution layer, pool layer, and
full connection layer. It is different from general neural net-
work. On the one hand, a sole meridian element in convolu-
tional neural network is often connected only with some
adjacent neurons, that is, the structure of local connection.
On the other hand, some weights are shared between neu-
rons, which means that convolutional neural networks have
fewer weights, and the complexity of the network is lower,
which is closer to biological neural networks.
Its general structure can be categorized as follows:

a. Input layer

Input layer is the input of the whole network. Input of
computer vision problems is usually a picture, an image
is a matrix of pixels. The height and width of the input
layer correspond to the height and width of the matrix.
The depth of the input layer is the number of channels
of input image. Starting from the input layer, the input
image is sampled by different convolution layer and pool
layer and transformed into a layer of different matrix
feature maps. Finally, the high-dimensional features of
the image are extracted, which are used for classification
and subsequent processing.

b. Convolution layer

As the name implies, the most important layer of con-
volutional neural networks is the convolution layer.
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Convolution layer filters the sub-nodes of each layer to
extract abstract features. Each node in the convolution
layer only uses a small part of the output of the previous
layer to connect and calculate. The size of the filter is
the size of CNN through the convolution layer for fea-
ture extraction.

The filter is a matrix whose length and width are spe-
cified by hand, usually 3 x 3 or 5 x5, and the individual
network can reach 11 x 11. Through convolution calcu-
lation, the output layer of the current layer is obtained,
that is, the convolution layer propagates forward. The
filter transforms the nodes in the receptive field of the
current layer into a unit node matrix of the next layer
only passing through the network. The unit node matrix
is a node matrix with the same length and width and the
same depth as the filter.

The storage and computation process of convolution
layers involves some parameters. These parameters need
to be defined when constructing the network. Data is de-
fined as a blod and is a quaternion (a, b, ¢, d), represent-
ing the number of channels, height/row, and width/
column, respectively. The structure of the filter can also
be defined by such a four tuple.

In order to reduce unnecessary details, the convolu-
tion process can be carried out across pixels. Filter par-
ameter step size strides can be specified. The step length
refers to the size of the filter sliding at intervals on the
convolution layer. Each time the filter moves one step, it
calculates a unit node matrix, moves the filter from the
upper left corner of the input layer to the lower right
corner, and all the calculated unit node matrices are
combined into a new matrix. The output layer of the
convolution is obtained.

The formula for convolutional neural network is as
follows:

2 2
ajj = f (ZO ZO Wm,nXm+i,n+/' + Wb) (1)

where X; jrepresents the pixel value of line i in column j
of the image, W, , represents the weight of column #n
in row m, and W), represents the bias of the filter. Simi-
larly, a; ; represents the value of column j of the i row of
the feature map; the activation function is represented

by f.
c. Pooling layer

After calculating the weights and offsets of the convo-
lution layer, the eigenvalues of the image are obtained,
which is the basis of classification. But the data after the
multi-layer convolution layer is huge. It is necessary to
reduce the size of the matrix by using the pool layer, re-
duce the parameters of the final full-connected layer,
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and achieve the purpose of reducing the amount of cal-
culation. On the other hand, the pooling layer can also
prevent data from overfitting.

The calculation of the pooled layer is a kind of data re-
sampling. Similar to the convolution layer, the forward
propagation is accomplished by a matrix shift similar to
a filter. The difference is that the pool is not filtered, and
the maximum or average value is calculated. The most
common pooling methods are max pooling [24], mean
pooling [25], and random pooling. The maximum pool-
ing layer is called max pooling layer, and calculated by
the average is average pooling layer. The random pooling
is selected randomly according to the probability matrix.

d. Fully connected layer

Fully connected layer (FC) is a traditional multi-layer
perceptron network in the last part of the whole model.
Unlike the local connectivity of convolution layer neu-
rons, each layer in FC uses global information of the
previous layer, that is, each node’s calculation is con-
nected with the weights of all nodes in the previous
layer. After convolution and pooling operations, the out-
put of the network is the high-dimensional feature infor-
mation of the image, so the full connection layer is used
to classify the features. A convolutional neural network
usually has two or three full-connection layers and a
classifier. After the extraction of convolution layer infor-
mation, the fusion, and classification of full-connection
layer information, the output is the probability that the
image corresponds to a certain label.

2.1.2 Characteristics of convolutional neural networks
Convolutional neural network is a kind of multilayer artifi-
cial neural network. It simulates the visual system of biol-
ogy and realizes the invariance of image feature
displacement, scaling, and distortion by three techniques:
sparse connection, weight sharing, and down-sampling.
Sparse connection can extract local, primary visual fea-
tures; weight sharing ensures that the network has fewer
parameters; de-sampling reduces the resolution of features
and achieves invariance to displacement, scaling, and
rotation.

a. Sparse connection

Sparse connection is the neural units in different
layers that are locally connected, that is, the neural units
in each layer are only connected to a part of the nerve
unit in the previous layer. Each neural unit only re-
sponds to the region within the receptive field and does
not care at all about the area outside the receptive field.
This local connection mode ensures that the learning
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convolution check input spatial local pattern has the
strongest response.

With the deepening of network layers, the area covered
by high-level neural cells is becoming larger and larger, thus
abstracting the global feature information of the image.
Compared with the method of extracting global features
from each unit, this method greatly reduces the network
parameters and computational complexity and enables the
model to deal with more complex target recognition tasks.
Moreover, with the deepening of the network, the under-
lying area of the high-level neurons is getting larger and lar-
ger. At the same time, the simple features extracted from
the underlying layer are combined to form more abstract
and complex features in the high-level.

b. Weight sharing

Weight sharing means that each convolution kernel
in the convolution layer is convoluted with the whole
feature map to generate a new feature map. Each cell
in the feature graph shares the same weight and bias
parameters.

Suppose the M-1 level i characteristic graph has 5 units,
that is, there are 5 input units in the m layer. The size of
the sparse connection in the m layer is 3. The convolution
kernel k = (ky, ko, k3) with three weight parameters is used
to convolution the input feature map, and the output fea-
ture map of m layer is obtained from three hidden layer
units. Although each cell in the m layer is connected to
only three cells in the m-1 layer, a total of nine connec-
tions are made, and the same color connections share the
same convolution kernel. Weight sharing makes the fea-
tures extracted by convolutional neural network inde-
pendent of the position of input space, that is, the features
of the convolutional neural network have translation in-
variance. In addition, as with sparse connections, weight
sharing reduces the number of learning parameters in
convolutional neural network model again and improves
the efficiency of the algorithm.

c. Descending sampling

In the convolutional neural network model, the pool
layer usually follows the convolution layer, and the out-
put characteristic map of the convolution layer is sam-
pled down. De-sampling greatly reduces the number of
neural cells in the intermediate layer between the input
layer and the output layer. If the sampling size is m x n,
the number of cells in the input layer of size M x N is re-
duced to M x N/(m x n)after sampling, thus reducing the
complexity of model calculation. Furthermore, the
de-sampling operation makes the convolutional neural
network model have memory function, makes the ex-
tracted features have certain distortion and deformation
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invariance, and enhances the generalization ability of
features.

2.2 Wavelet packet transform method

The following is the introduction of the principle of the
wavelet packet algorithm. According to the principle of
the wavelet packet, the wavelet packet decomposition is
shown in Fig. 1.

In Fig. 1, A indicates the low-frequency part, D
indicates the high-frequency part, and the end number
indicates the number of layers of wavelet packet decom-
position. The relationship between decomposition is as
follows:

S = AAA3 + DAA3 + ADA3 + DDA3 + AAD3
+ DAD3 + ADD3 + DDD3 (2)

In multi-resolution analysis, L*(R)= @& W, . It is

jezZ

shown that multi-resolution analysis decomposes the
Hilbert space L*(R) into the orthogonal sum of all sub-
spaces W(j € Z) according to different factors j, where
W; is the closure of the wavelet function y(z) (wavelet
subspace). Now, we need to further subdivide the wave-
let subspace W; according to the binary fraction to im-
prove the frequency resolution. A common approach is
to unify the scale subspace V; and the wavelet subspace
W with a new subspace U, if

(3)

Then, the orthogonal decomposition V;,;=V;® W; of
Hilbert space can be unified by the decomposition of U/’;
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us,, = ulel;, jez

(4)

Define subspace U7 is the closure space of function
u,(t), and L[?” is the closure space of function u,,(t),
and let u,(t) satisfy the following two-scale equation:

Uon(t) = V2> h(k)u,(2t-k)
keZ
ton1 (£) = V2 ) h(k)uy(2t-K)

keZ

(5)

where g(k) = (-1)*n(1 - k), that is, the two coefficients
are orthogonal to each other. When 7 =0, given directly
from the above two formulas:

uo(t) = vV2)  h(k)uo(2t-k)
keZ
w (t) = V2) " h(k)uo(2t-k)

keZ

(6)

In the multi-resolution analysis, ¢(f) and y(t) satisfy
the dual scale equation.

$(6) = 3 (26K, (I} ol

keZ

y(t) = ng¢(2t—k)7 {& sl

keZ

(7)

uo(t) and u;(¢) are reduced to scale function ¢(¢) and
wavelet basis function y(¢) respectively. This equivalent
expression is extended to the case of n € Z,(non-nega-
tive integer)

uy,, = U?@U?”“JeZ; nezZ ., (8)

Al

I |
AA2 DA2

T T

AD2 DD2

AAA3|( |DAA3| |ADA3| |DDA3

AAD3| |DAA3| |ADD3| |DDD3

Fig. 1 Wavelet packet decomposition graph
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3 Proposed method
3.1 Training process of convolutional neural network
In this paper, the road extraction of remote sensing
image is studied. Firstly, the convolutional neural net-
work is used to classify the high-resolution remote sens-
ing image, distinguish the road from the non-road, and
extract the road information initially. Secondly, the con-
volutional neural network is optimized and improved
from the training algorithm. In this section, the training
process of convolutional neural network is improved to
realize road classification in remote sensing images.

Gradient descent algorithm is simple, easy to converge,
but easy to fall into the local optimal solution, and the
gradient descent near the saddle point is slow, affecting
the training of network model. The saddle point can be
avoided in the training process of Newton algorithm, but
the method needs to compute Heisen matrix to ensure
its non-negative positive definite and a large amount of
storage space and to ensure the existence of
second-order derivatives of the objective function; other-
wise, it is difficult to ensure the convergence of the algo-
rithm [26-28]. In order to avoid the difficulties caused
by the direct use of the Newton algorithm, the improved
BFGS quasi-Newton algorithm [29] is used to train con-
volutional neural networks.

In the Newton algorithm training process, the CNN
model parameters are updated to:
Vi

Wi = Wi-
i+1 i VZ].W

(©)

The initial quasi-Newton algorithm equation is:

B 1Sk = i (10)

where Sx=Wi.1- Wi %= Vjwi1— Vju. In order to
achieve better target optimization effect, the improved
BFGS is used in this paper.

i HisesiHi

Hip =He +
" Visk  SiHsk

(11)
However, the Heisen matrix obtained by the recursion
formula may be a singular matrix, and the inverse matrix
calculation has a certain degree of complexity, so the re-
cursion formula in this paper is expressed as follows:

T
_ Sk _
Bk—lo—l = (BO_STyk>Bk1< 0

x Yk (12)

~ ykslz> kSt
e/ Sk
Based on the above theory and formula, the training
process of the improved BFGS algorithm is as follows:

1. Select iteration times epochs, epoch = 0, initialization
parameter w and offset b.
2. If epoch < epochs, iteration stops.

(2019) 2019:31

Page 6 of 11

3. Calculate the value of bydy +  j,, =0 and get a
new optimization direction dyx = -B;'g;.

4. Search along the d direction to satisfy wy 1 = wy
+ axdy, it is the minimum point in this direction,
a;> 0.

5. Let the epoch iteration add 1 and go to (2).

3.2 Wavelet packet denoising

In the last section, the convolutional neural network
method is used to extract roads from remote sensing im-
ages. However, due to the influence of natural scenes
such as houses and tree shadows, there will be non-road
noise in the extraction results. Therefore, this paper uses
the wavelet packet method to filter these irrelevant
non-road noises, so as to accurately put forward the
road information in remote sensing images.

Wavelet analysis can decompose time-frequency ef-
fectively, but the resolution of the high-frequency part
after processing is very poor, and the image information
of the low-frequency part is incomplete [30]. The wave-
let packet transform divides the signal frequency into
two parts: low-frequency Al and high-frequency DI.
The lost information in low-frequency Al is obtained
by high frequency. In the next layer, Al is decomposed
into two parts: low-frequency A2 and high-frequency
D2. The lost information in low-frequency A2 is ob-
tained by high-frequency D2. Therefore, for deeper de-
composition, wavelet transform processing will
undoubtedly lose some details. The case of wavelet
packet transform is different; it can provide a more ac-
curate signal analysis; and it will not only decompose
the frequency at different levels, but also subdivide the
high-frequency part. Therefore, not only the
low-frequency part is decomposed, but also the
high-frequency part is decomposed, and the wavelet
transformation cannot be achieved, only the wavelet
packet method can deal with this.

3.2.1 Improved wavelet packet transform method

Let L[(; =V, L[} = W;; W, is a closure generated by
y(t) of wavelet function, then the orthogonal decompos-
ition V;,, =V;® W; of Hilbert space can be decomposed
into UY,, = U}@U], jeZ by U’} The definition of sub-
space U’ is the closure space generated by the function
u,(t), LI?” is the closure space of function u,,(t), and
make u,(t) satisfy the following two scale equations:

ton(t) = V2 h(k)u,(2t-K)
toni1(£) = V2 ) h(k)u,(2t-k)
keZ
where g(k) = (-1)*n(1 - k), that is, the two coefficient has
orthogonal relations. Wavelet packets are defined as
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(@) Original image

Fig. 2 Grayscale processing. a Original image. b Grayscale image

(b) Grayscale image

follows: the constructed sequence {u,(t)}(n € Z,) is called
the orthogonal wavelet packet determined by the basis
function wuy(t) = P(t), the scaling function ¢) is
uniquely determined by the low pass filter{i(¢)}. Let

gj()els, gi(t) = Zd{’"un(ﬂt—l), the wavelet packet
[

decomposition algorithm is as follows:

j2n j+1.n
d, —E ak-ud,

. k . (14)
dl;,2n+1 _ Z bk_zld;+1,n
k

d{’zn and d{’an are calculated from dle’”. The for-
mula of wavelet packet reconstruction is as follows:
= Z[hl_zkd,’fl’z" + gl . That is to cal-

k

culate {d]"""} through {d}*"} and {d}*"*'}, where {a;}
and {bijare decomposed filters, {/#,;} and {g;} are recon-
figurable filters, also called orthogonal mirror filter
banks.

3.2.2 Fusion algorithm of wavelet packet transform

The frequency domain characteristic of the wavelet is
that the image is decomposed into different frequency
signals and multi-resolution layers. It fully reflects the
change of the local area of the original image, thus pro-
viding favorable conditions for the image data. In the
original image, the region with obvious change is the re-
gion with change of gray value, which shows the change
of the absolute value of coefficients in the change of
wavelet. So the key problem is how to get the character-
istics of the image according to the wavelet packet coef-
ficients. At present, there are two fusion methods of
wavelet transform, one is single pixel fusion, the other is
based on the local window activation measure to take
the large criterion of fusion [31].

The specific fusion method in this paper is as follows:
considering that the low-frequency component of the J
level (assuming the decomposition level is /) after wave-
let packet decomposition, which contains most of the in-
formation of the image, has a certain impact on the
quality of image fusion, the fusion method based on
local window energy is adopted [32]. Set Cp Cx, and Cy

(a) Before denoising

Fig. 3 De-noising processing. a Before de-noising. b After de-noising

(b) After denoising
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(a) Before edge detection

Fig. 4 Edge detection. a Before edge detection. b After edge detection

to denote scale coefficients of fused image F, image X,
and image Yrespectively. my and my are mathematical
expectations of Cy and Cy respectively. Ni(u,v, n) repre-
sents a neighborhood of n x n size centered on point (u,
v), in general, # is odd. The lower corner k is 1,2, which
represents the scale coefficients of X and Yimages re-
spectively. Ex(u,v, n) represents the energy of neighbor-
hood Ni(u, v, n),

1

Ex(u,v,n) = (Z Z (N(i,j)—mk)2> /(n x n)

P
(15)

The scale coefficient of the fused image can be calcu-
lated using the following expressions:

Cr(u,v) = Wi(u,v) x Cx(u,v) + Wa(u,v) x Cy(u,v)
(16)

Where Wy is a weighting factor, the expression is: W
= Ex(u,v,n)/ an:lEm(u, v,n),k=1,2.

Wavelet packet decomposition in high frequency re-
gion includes all details of image information [33]. How-
ever, the large absolute value coefficients correspond to
the large-scale contrast in the image, such as image edge
features, and the human eye is very sensitive to these
features; so, its principle is to use the maximum selec-
tion least squares method. The mathematical expres-
sions of this idea are as follows:

Table 1 Road extraction index average evaluation data table

(u,v) represents the spatial location of small coeffi-
cients, N represents the square window of a n x n cen-
tered on (u,v), (u,v) is an arbitrary point in the window
N. In this paper, a remote sensing image method based
on wavelet packet transform is proposed, which avoids
the shortcoming that wavelet transform only decom-
poses the low-frequency components further, but does
not consider the high-frequency components. The
innovation is that the low-frequency part of the fusion
algorithm is based on local window energy, while the
high-frequency part is based on the maximum selection
principle to calculate the wavelet packet coefficients.
The fusion algorithm can effectively fuse the high-reso-
lution image with the low-resolution image, keep the
spectral characteristics of the original image as much as
possible, and improve the spatial resolution of the fusion
image.

4 Experimental results and discussions

It is difficult to extract road from remote sensing image.
Before extracting road, it is necessary to preprocess
image. Firstly, the image is grayed, as shown in Fig. 2. As
can be seen from Fig. 2, the original image does not
change the contour of the image after graying, but the
image data changes from three dimensions to two
dimensions.

Method

Missing error (%) Redundancy error (%) Accuracy (%)

Deconvolution of convolutional neural network without wavelet packet method

Convolutional neural network and wavelet packet denoising

8.34
512

0.87
035

87.25
9361
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Fig. 5 Road extraction evaluation comparison histogram
A

Redundancy error

B Deconvolution of convolution neural network
without wavelet packet method

B Convolution neural network and wavelet

Index value (%)

93
92
91
90
89
88
87
86
85
84

Accuracy

B Deconvolution of convolution neural network
without wavelet packet method

B Convolution neural network and wavelet
packet denoising

After gray processing, in order to reduce the impact of
noise, the image is denoised in this paper. The processing
results are shown in Fig. 3. As can be seen from Fig. 3, after
denoising, the image blurring is reduced and the image is
clearer, which is helpful for subsequent image processing.

After denoising, this paper uses edge detection tech-
nology to process the image. The processing results are
shown in Fig. 4. As can be seen from Fig. 4, besides the
road edge detection curve, there are obvious non-road
noises caused by natural scene factors such as house and
tree shadows. Therefore, it is necessary to filter the
non-road noise caused by natural scene factors such as
house and tree shadows by using wavelet packet algo-
rithm after the convolutional neural network algorithm
is used to binary classify the image.

In order to better evaluate the extraction accuracy of
the road extraction method designed in this paper, this
paper further adopts the quantitative analysis method to
evaluate the road extraction results, using three indexes
of accuracy, omission error, and redundancy error to
evaluate the road extraction results. The formulas for
the three indicators are as follows:

Missing error = missing linear target length/total linear
target length (18)

Redundant error = redundant linear target length/total

linear target length (19)

Accuracy = correctly extracted linear target length/total
linear target length (20)

Table 2 Three methods evaluation datasheet

In Formula (18), the missing linear target length is the
length of the road as noise removal, and the redundant
linear target length in Formula (19) is the length of the
road as noise extraction. In this paper, 100 images are
selected for processing, and the three performance indi-
cators are used to evaluate the three indicators. The
average evaluation data of the three indicators are shown
in Table 1, and the data comparison histogram is shown
in Fig. 5.

Combining Table 1 and Fig. 5, it can be seen clearly
that only convolutional neural network can extract road
information smoothly, but because of non-road noise
caused by natural scene factors such as house and tree
shadow, the values of the three indexes are relatively
large. After re-processing with wavelet packet, it can be
seen that the values of the three indexes decrease obvi-
ously, among which the omission error decreases by
3.22%, the redundancy error decreases by 0.52%, and the
accuracy increases by 6.36%. The improvement of the
values of the three indicators shows that the non-road
noise caused by the shadows of houses and trees can be
effectively reduced by the wavelet packet algorithm after
the convolutional neural network is used to extract road
information.

In order to verify the superiority of the proposed
method, two other methods are compared with the pro-
posed method. The two methods are Directional Mor-
phological Enhancement and Segmentation (DMES)
road detection method and adaptive Unsupervised

Method Missing error (%) Redundancy error (%) Accuracy (%)
DMES 771 0.81 8891
AUA 7.16 0.75 90.15
Method of this paper 512 035 9361
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Approach (UA) road detection method. The three
method compares the data as shown in Table 2, and the
data contrast histogram is shown in Fig. 6.

Combining Table 2 and Fig. 6, it is obvious that the
three methods are the worst in DMES, the second in
AUA, and the best in this paper. Among them, the per-
formance of DMES and AUA is not much different,
AUA is 0.55% lower than DMES in missing error, AUA
is 0.06% lower than DMES in redundancy error, and
AUA is 1.24% higher than DMES in accuracy. The
method proposed in this paper is better than DMES and
AUA, and the missing error of this method is 2.04%
lower than AUA, 2.59% lower than DMES, 0.4 lower
than AUA, and 0.46% lower than DMES in redundancy
error. In terms of accuracy, this method is 3.46 lower
than AUA and 4.7 lower than DMES. Through numer-
ical comparison, we can find that the proposed method
has a great improvement in the performance of the three
indicators, which shows that the proposed method has
better road information extraction performance than
DMES and AUA.

The simulation results show that the proposed road ex-
traction method based on convolutional neural network
has good performance on the basis of its effectiveness.

5 Conclusions

With the development of science and technology, re-
mote sensing image is more and more easy to obtain,
and the extraction of road information is conducive to
traffic management, urban planning, automatic vehicle
navigation, and emergency handling. In order to obtain
better road information of remote sensing image, a road
extraction method based on convolutional neural net-
work is proposed in this paper. After optimizing the
training algorithm of convolutional neural network, this
paper uses wavelet packet algorithm to remove the

non-road information interference caused by natural
scene factors such as house and tree shadow and puts
forward the road information in remote sensing image
accurately. Through simulation experiments, this
method is compared with DMES and AUA detection
methods. The accuracy of this method is 4.7% and 3.46%
higher than that of DMES and AUA, respectively. The
simulation results show that the convolutional neural
network can effectively classify the road and extract the
road information, but there still exists the influence of
non-road noise caused by the natural scene factors, such
as houses, trees, and shadows. In this paper, the wavelet
packet algorithm can effectively remove this kind of
interference. In order to illustrate the superiority of this
method, this paper uses the directional shape enhance-
ment and damage separation road detection method and
adaptive unsupervised road detection method to com-
pare with this method, and it can be seen from the chart
that this method has better road information extraction
performance.
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