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Abstract—1t is of great importance to determine the location
and orientation of a straight road in multispectral images for
remote sensing. One of the classical methods for straight line
detection is the Hough transform that is widely used in binary
images. Although there are many previous works for straight
road detection, it is still in its infancy to extract a straight road in
multispectral images for remote sensing. In this letter, we propose
a multiview dictionary learning formulation to approximate the
Hough transform for straight road detection in multispectral
images. Our formulation can exploit the complementary among
the multiple spectral channels. Furthermore, it is natural to
incorporate regularizations of prior information to significantly
leverage the performance. We consider L{-norm regularization as
a case study and conduct extensive experiments on RSSCN7 data
set to verify the proposed algorithm. The experimental results
demonstrate the superiority of our method in comparison with
traditional methods.

Index Terms— Dictionary learning, Hough transform, multi-
spectral image, Radon transform (RT), road detection.

I. INTRODUCTION

ETERMINING the location and orientation of straight

road in remotely sensed images is a challenging and
important research topic [1], which offers many supports for
human civilization [2], such as visual tracking [3], robot
autonomous navigation, city planning, traffic management,
GPS navigation, and so on. There is a lot of noise in the
road detection, so a robust road detection algorithm is very
important [4]. One classical method for straight road detection
is the Hough transform [S]. Despite that many variants of the
Hough transform have been reported, including randomized
Hough transform [6], probabilistic Hough transform [7], and
fuzzy Hough transform [8], the Radon transform (RT) [9] is
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a prominent version of the Hough transform, which extends
the concept of the Hough transform from binary images to
grayscale images. Aggarwal and Karl [10] reformulated the
detecting straight lines in grayscale images as a regularization
framework. And then, Liu ef al. [11] proposed a dictionary
learning-based RT for straight road detection in remote sensing
images.

On the other hand, most of the remotely sensed images
are multispectral images [12] that capture image data within
multiple specific wavelength ranges. Multispectral images
represent more information with multiple wavelengths com-
pared with traditional images. Since different spectral bands
may reflect different characters, combining multiple spectral
information can obtain abundant information and utilize the
complementary between the multiple spectral bands [13], [14].
Luo et al. [15] proposed tensor canonical correlation
analysis (TCCA), which handles the data of multiple views by
analyzing the covariance tensor of the different views. It will
significantly boost the straight road detection performance by
properly exploiting the multiple information. Unfortunately,
most of the existed methods can only be applied for single
channel images (i.e., gray images). Hence, it is still in its
infancy to extract a straight road in remote sensing images
especially for multispectral images that capture image data
within different wavelength bands.

In this letter, we reformulate the RT as a multiview dictio-
nary learning framework to tackle the straight road detection
in multispectral images. The proposed method treats the multi-
spectral image as multiview representation and simultaneously
learns the straight road mapping in parameter space and
the related multispectral dictionary. Hence, it can exploit the
complementary among the multiple spectral channels and then
boost the straight road detection. Furthermore, it is natural to
incorporate specific regularizations into the proposed frame-
work, which can significantly leverage the performance with
prior information. We also consider L-norm regularization as
a case study. To evaluate the proposed solution, we conduct
extensive experiments on the RSSCN7 data set [16] for
straight road detection. The experimental results demonstrate
that the proposed method can achieve better performance in
comparison with traditional methods.

In summary, the contribution of the proposed framework is
listed in the following.

1) It effectively utilizes the complementary of multiple

spectral information. The complementary information in
multiple spectral is fully coordinated by the multiview
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sparse coding. And then, the latent representation in
parameter space can be obtained for exact straight road
detection.

2) It can handle a batch of images at one time. The

conventional RT can process only one image each time.
The proposed method makes it easy to compute the para-
meter space image for multiple images. Hence, it will
greatly save the computing complexity for the process-
ing of a tremendous amount of multispectral images.

3) It allows to integrate specific regularization naturally.

There is much prior information in the parameter space,
which can be utilized. For example, the peak point
corresponding to the straight line is usually rare. Then,
adding a sparsity regularization will further suppress the
influence of noises and enhance the detection accuracy.

4) We conduct extensive experiments for straight road

detection to verify the proposed method including the
Ly regularized multispectral dictionary learning-based
RT (L1_mDLRT), the multispectral dictionary learning-
based RT (mDLRT), the L; regularized single spectral
dictionary learning-based RT (L1_sDLRT), the single
spectral dictionary learning-based RT (sDLRT), and the
conventional RTRT.

The rest of this letter is assigned as follows. Section II
introduces some related works on RT. Then, Section III
describes the proposed multiview dictionary learning-based
RT in detail. Section IV conducts the straight road detection
experiments with discussion. Section V gives the conclusion.

II. RELATED WORKS

In this section, we briefly introduce some related works
including RT and its variants.

The Hough transform [S] transforms shape detection in a
binary image to a voting procedure in a parameter space.

Lu and Tan [6] proposed a iterative randomized Hough
transform to overcome the limitations of the traditional Hough
transform in detecting incomplete shapes of noisy images.

Matas et al. [7] proposed a progressive probabilistic Hough
transform to exploit the difference in the fraction of votes
needed to reliably detect lines with different numbers of sup-
porting points and then minimized the amount of computation.

Han et al. [8] proposed a fuzzy Hough transform to approx-
imately fit the data points for shape detection.

The RT projects a grayscale image in the Euclidean plane
to the parameter space (i.e., Radon space) where each point
in Radon space corresponds to a line in image space [9].
Considering an image y(s1, s2), we can write its corresponding
Radon projection x(p,0) = Ry as

x = Ry(s1, 52)
- / ¥(s1.900p — 51 cos0) — sz sin@)dsidss (1)
R

where ¢ is the Dirac delta function.
Defining the inverse transform of R as C = R, then we
have

y(s1,82) = Cx(p,0)
:/ z(p, 0)do 2)
0
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where z(p,0) = [* |o|X(w,0)e/*™dw and X (w,0) =
oo —in

oo x(p, 0)e I dp. . .
Then, Aggarwal and Karl [10] employed the discretized

form (2) to approximate the relationship between image y and

parameter space image x as

y = Cx 3)

which allows naturally to incorporate regularizations with RT.

Recently, Liu et al. [11] proposed to learn the discretized
matrix C by using dictionary learning [17] algorithm and
achieved promising performance. This method treats the RT as
a linear transform, which can obtain the result of the RT by
matrix multiplication x = C~'y.

III. MULTIVIEW DICTIONARY LEARNING-BASED
RADON TRANSFORM

Suppose that we are given a multispectral image y =
{y“};/=1 with V spectral channels. The RT-based straight road
detection aims to find the related mapping in parameter space
x and then to determine the location and orientation of the
straight road. To effectively utilize the complementary of the
multiple spectral, we present the multispectral RT as

yY=C%, v=1,...,V

where C? is the dictionary corresponding to the vth spectral
channel. Then, the multispectral RT can be reformulated as
the following optimization problem:

14
0) = i " C'x|)3. 4
x(p.0) argm)}nz; Iy" = C"xll3 @)
o=
Formulation (4) can be easily extended by adding some
regularizations with some specific prior information. And then,
the regularized multispectral RT can be written as

1%
: 0 0.2
x(p,e)—argm;ngny —C'xlp+ip() ()
where 1 is the balance parameter and ¢ (x) is the regularization
term to steer x under some specific purpose, e.g., sparsity
constraint [18], smooth constraint, and so on.

To learn the dictionary of each spectral channel C”, we
construct a training image set Y’ = {y/ lN: | with N samples
and their related RT X* = {x} }1N= |- We have the following
equation:

Y' = C'X". (6)

Then, we can obtain the dictionary of the oth spectral
channel C? as

c’ =y x*T(x*x*T 4+ aD)”" %)

where a is a damping factor to ensure the stability and [ is
an identity matrix.

For a multispectral image y = {y“}le, we now can
compute its parameter image x by solving problem (4) or (5).
Note that one advantage of the formulation lies in mak-
ing it possible to detect the straight roads of multiple
images at one time, which can significantly improve the
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training samples |[Extract informatiof _Radon Dictionary learning]
Yv = {y7}" of each channel transform| YV=CvXv

multispectral image y _

with V spectral channels
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XV = {xHL

obtain the multispectral image|detection result by L1-mDLRT

Fig. 1.

|4
R(p.6) = argminz 1YY = CYXV|[F + 11Xy
x

v=1

Working framework of L1_mDLRT.

Fig. 2. Some example images with straight roads.

computing efficiency. When we are given a set of multispectral
images Y’ = {ﬁ})}M v =1,...,V and their related RT X.

i=1°

We can achieve their related parameter images X = {)?,-}f‘i 1 by
optimizing the reformulated problems (4) and (5), respectively,

as

vV

~ A 2
X(p.0) = i Y —-C'X
(p.0) = argminy _ | I

and
1%

v=1

A ~ 2
X = i Y' —C'X X).
(p.0) = argmin y |7 — C" X[z + ip(X)

v=1

For problem (8), we have a close solution

R=«Tc+pn'c’y

where
Cl
c=|c?
CV

and f is the damping factor.

On the other hand, if we choose L; constraint for ¢(X),

yl
?2

=~
Il

A

YV

problem (9) can be rewritten as

14

N A 2
X(p,0)= i Y —-C'X AIXI - 12
(p.0) = argmin y |V — C"XIlp + AIX]l;.  (12)

v=1

Then, we can use the fast iterative shrinkage-thresholding
algorithm [19] to efficiently solve problem (12). Fig. 1 shows
the working framework of L1_mDLRT. In Section IV, we
will conduct the multiview dictionary learning-based RT and
L regularized case for straight road detection in multispectral

images.
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IV. EXPERIMENTS

To evaluate the performance of the proposed method, we
carry out extensive experiments for straight road detection on
a select subset of the remote sensing database RSSCN7 [16].
The RSSCN7 database contains about 2800 remote sensing

ethods.
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images that can be grouped into seven categories, includin
g group . g . . . g Fig. 8. (a) ROC curve on image a038. (b) ROC curve on image al85.

the grass land, forest, farm land, parking lot, residential region, ¢y ROC curve on image £326. (d) ROC curve on image b197. (¢) ROC curve
industrial region, river, and lake. We select about 175 images on image gl46.
that contain straight road for our experiments. Some image
examples are shown in Fig. 2. Considering the small number of training set, we rotate

We choose 150 images for the multispectral dictio- the 150 images to get new examples and finally build a training
nary learning and the rest for performance evaluation. set of 2850 images.
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TABLE I
LOCATION AND ORIENTATION (p, #) OF DETECTED STRAIGHT ROAD OF DIFFERENT METHODS

IEEE GEOSCIENCE AND REMOTE SENSING LETTERS, VOL. 14, NO. 12, DECEMBER 2017

Image | Groundtruth (p,0/°) RT sDLRT L1_sDLRT mDLRT L1_mDLRT
a038 (52.4, 67.115) (52, 68) (52,68) (53, 68) (52, 68) (52, 67)
al85 (-7.94, 114.613) (-8, 116) (-7, 115) (-7, 115) (-7, 115) (-8, 115)
b197 (11.34, 135.83) (10, 137) (10, 138) (13, 135) (11, 136) (11, 136)
326 (-32.45, 125.29) (-32, 126) | (-33, 128) | (-33,128) | (-33, 128) (-32, 125)
g146 (-0.941, 91.6) (-60, 1) (0, 92) (0, 92) (-1, 92) (-1, 92)
TABLE I
MEAN-ERROR AND VARIANCE OF FIVE METHODS
Parameter RT sDLRT | L1_sDLRT | mDLRT | L1_mDLRT
Mean error p 12.26 0.834 0.94 0.46 0.262
Mean error 0/° 18.95 1.31 1.04 0.91 0.312
Variance of error p 547.67 0.11 0.16 0.084 0.14
Variance of error 6/° | 1283.47 4.56 3.69 0.86 0.03

For comparison, we conduct straight road detection by
using L1_mDLRT, mDLRT, L1_sDLRT, sDLRT, and the
conventional RT.

Fig. 3 shows the straight road detection results on image
a038 of different methods, including RT, sDLRT, L1_sDLRT,
mDLRT, and L1_mDLRT. Note that the first three algorithms,
i.e., RT, sDLRT, and L1_sDLRT can only be applied on a sin-
gle spectral image. The first and second columns demonstrate
the mapped parameter space in 2-D and 3-D, respectively.
The last column is the straight road detection. To demonstrate
the robust of different methods, we draw the ROC curve of
image a038 in Fig. 8(a). From Figs. 3 and 8(a), we can see that:
1) the dictionary leaning-based RT performs better than the
conventional RT; 2) multiple spectral information leverages the
accuracy; and 3) L; regularization can suppress the noise and
enforce the detection. Some other exemplar results are showed
in Figs. 4-8. The location and orientation of the detected
straight road in exemplar images are listed in Table I for
comparison. Table II illustrates the mean-error and variance
of the five methods.

V. CONCLUSION

It plays a key role to determine the location and orientation
of a straight road in multispectral images for remote sensing.
Although there are many previous works for straight road
detection, there are many unsolved problems to extract straight
road in remotely sensed multispectral images. In this letter, we
propose a multiview dictionary learning formulation to approx-
imate RT for straight road detection in multispectral images.
The proposed method can tackle the straight road detection in
multispectral images by exploiting the complementary among
the multiple spectral channels. Another advantage lies that it
facilitates incorporating regularizations into RT. We further
construct Li-norm regularized multiview dictionary learning
as case study and conduct extensive experiments on RSSCN7
data set to verify the proposed algorithm. The experimental
results demonstrate that our algorithm is superior to the
baseline methods including the traditional Hough transform.
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