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Precise navigation map is crucial in many fields. This paper proposes a panorama based method to detect and recognize lane
markings and traffic signs on the road surface. Firstly, to deal with the limited field of view and the occlusion problem, this paper
designs a vision-based sensing systemwhich consists of a surround view systemand a panoramic system. Secondly, in order to detect
and identify traffic signs on the road surface, sliding window based detection method is proposed. Template matching method and
SVM (Support Vector Machine) are used to recognize the traffic signs. Thirdly, to avoid the occlusion problem, this paper utilities
vision based ego-motion estimation to detect and remove other vehicles. As surround view images contain less dynamic information
and gray scales, improved ICP (Iterative Closest Point) algorithm is introduced to ensure that the ego-motion parameters are
consequently obtained. For panoramic images, optical flow algorithm is used. The results from the surround view system help to
filter the optical flow and optimize the ego-motion parameters; other vehicles are detected by the optical flow feature. Experimental
results show that it can handle different kinds of lane markings and traffic signs well.

1. Introduction

Precious map can provide essential information for many
intelligent transportation systems (ITS), such as car navi-
gation systems, autonomous driving systems, and advanced
driver assistance systems (ADAS). Most of the existing maps
are based on satellite photography and aerial photography,
which are not precise enough to provide detailed informa-
tion, such as road markings. Although Google Street View
[1] enables users to have the details of a street, it is limited
to an immense panorama and cannot provide information
for a large-scale range, in other words, it cannot be used as a
practical navigation map, whereas vision can deliver a great
amount of information, which makes it a powerful means
for recognizing the detailed road information. Therefore,
vision-based detection and recognition of road markings are
quite promising, and many efforts have been made for the
generation of advanced navigationmaps containing both lane
markings and traffic signs systems.

Road markings have specific features since they are made
according to the construction rules and regulations. Figure 1
shows examples of the typical lane markings in China. A lane
marking can be expressed in the respect of its color, number
of lines, and broken-or-solid style. For example, “yellow-2
lines-solid” represents a double yellow solid line.

There have been extensive researches on lane marking
detection, also, a wide variety of modeling, detection, and
tracking techniques have been proposed [2–6]. Wang et al.
[7] proposed a road geometry extraction system. It extracted
line segments and classified them into different types of
lane markings by a synthetic analysis. Kim [8] introduced a
robust real-time lane detection and tracking algorithm for
local roads and highways in various challenging scenarios.
Schindler and Lauren [9] presented a method for robust lane
recognition by applying N-level-set-fitting to preprocessed
image data from a single monochrome camera. Reference
[10] introduced a method to high-accuracy road orthophoto
mapping; its resolution is higher than Google’s satellite
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Figure 1: Examples of typical lane markings in China.

images, but no feature extraction is mentioned. Reference
[11] introduced the ground texture based localization for
intelligent vehicles, and it extracted edge information of pixel
level, but no extraction of traffic feature is done in it.

Most of existing researches just focused on the detection
and tracking of lane markings in the host lane while the
extraction of information in a larger scale is not considered,
and few have been done for the recognition of multilane on
the roads. Furthermore, some important lane features are
neglected, such as color, number of lines, and broken-or-solid
style, which are important for a number of drivingmaneuvers
like lane changing and over-taking. Another important fact
is that the existence of vehicles turns out to be a big threat
for lane markings recognition in large scale image since they
will block the lanes. Detection of vehicles on the road is
significative for lane recognition, but not many works have
been done in this respect.

For traffic signs detection and recognition, a number of
techniques have been studied [12–18]. de la Escalera et al. [19]
used a genetic algorithm to detect traffic signs and a neural
network to classify them. It performed well in the situations
where there are no shadows. Poor [20] introduced Eigen-
based traffic signs recognition by invoking the principal com-
ponent analysis (PCA) algorithm to choose themost effective
components of traffic sign images for the classification of
an unknown traffic sign. In [21], a fast road sign detection
and recognition system was implemented in the autonomous
unmanned vehicles for urban surveillance and rescue.

However, most of existing work focused on the detection
of roadside traffic signs, which are less affected by the rolling
and pitching of the host vehicle. Few works have been done
for detecting the traffic signs on the road surface, which also
provide essential information for a precise navigation map.

This paper presents a practical approach for the detec-
tion and recognition of various kinds of multilanes based
on panoramic cameras, which, compared with traditional
cameras, cover a much larger field of view and provide more
information. The panoramic system in this paper consists of
two subsystems, one is a surround view system focused on
host lane detection and the other is a panoramic camera used
for multilane detection. Section 2 introduces the host lane
recognition based on a rotation histogram. It employs the
Hough transform to obtain the main direction of the road

lane and perform a histogram analysis to get the color, num-
ber of lines, and broken-or-solid information. Ego-motion
estimation based on ICP is adopted to get the position and
pose of the vehicle used as platform in surround view system.
Section 3 introduces the multilane recognition. Curve model
is employed to fit lane markings in a panoramic image. Ego-
motion estimation based on optical flow method is adopted
to detect other vehicles, and the result is optimized with
the ego-motion parameters got in the surround view system.
In Section 4, the traffic signs detection and recognition are
described, which are based on the template matching and
support vector machine (SVM). It uses Fourier Descriptor
as the main feature and conducts the histogram statistics to
identify axisymmetric traffic signs. In Section 5, the proposed
system is tested with a large number of real traffic images and
experimental results show that it can handle different kinds
of lane markings and traffic signs accurately and robustly.

2. Host Lane Detection and Recognition

Host lane detection is so important that the information
of other lane markings can be inferred from its position,
width, and curvature.Thus, the surround view system, which
consists of four fisheye cameras with 180-degree field of view
around the host vehicle and a processingmodule that realizes
viewpoints transformation and image stitching, is employed.
To classify lanemarkings, three different types of information
are analyzed.The first is the color of lines, for example, yellow
or white; the second is the number of lines, for example,
double or single, and the third is the feature that whether it
is solid or dashed. Then our approach follows a three-step
strategy that is divided into preprocessing, recognition, and
filtering phase.

2.1. Image Preprocessing. The preprocessing algorithm func-
tions in three phases. Initially a pixel-by-pixel search is
performed to look for features that identify lane markings.
Features are extracted from a raw image using a color filter
and a width filter. The color filter detects pixels which
correspond to the probable colors of lane markings. Pixels
are converted from RGB color space to HSV color space,
which rearranges the geometry of RGB in an attempt to be
more intuitive and perceptually relevant. Since lanemarkings
are either white or yellow, thresholds are set to the three
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components, hue, saturation, and value, respectively, to deter-
mine the color of pixels [22]. The width filter is a modified
edge filter which responds to edges of the correct width.
Only pixels between a rising edge and a falling edge within
a predefined range are detected. In the images taken by the
proposed system, the vehicle is always in the middle and
occupies a fixed region, so the corresponding pixels can be
neglected during the feature extraction.

Subsequently, these features are fused into a binary map
by requiring feature pixels being either white or yellow in
color and fitting the width filter. All feature points are set to 1,
whereas the rest are set to 0.

Finally, since lane markings are linear features, Linear
Hough Transform (LHT) is used to obtain straight lines by
converting the problem in image space into a more easily
solved current peak detection problem in parameter space.
The presence of other linear features can create ambiguities
during the extraction; in order to reduce these ambiguities,
interframe filtering is implemented. The two peaks in the
parameter space corresponding to the two host lanemarkings
are selected based on the assumption that they are of the same
orientation andwidth. Also, the peak in theHough transform
parameter space of the current frame should always be in the
vicinity of the peak in the last frame.

Figure 2 shows an example of the procedure. Figures
2(a)–2(c) are the raw image, the feature-fused binary map,
and the detected lane markings.

2.2. Line Type Classification. The above processing extracts
regions that contain lane markings. It is quite convenient to
establish a histogram for feature expression. The horizontal
axis of the histogram corresponds to pixel columns of the
rectified image and the vertical axis corresponds to the
number of edge pairs in each column. We call it the feature
histogram. As shown in Figure 3, candidate lane markings
produce square waves in the feature histogram.

Whether a lane marking is broken or solid is quite related
with the following features. 𝐹𝑡
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Taking advantage of those features, we can judge whether
it is a single or double line, also, whether it is solid or dashed.
Obviously, 𝑟

𝑠
should be close to 1 and 𝑟

𝑑
close to 0 if it is

a single solid line, while 𝑟
𝑠
and 𝑟
𝑑
should be larger than a

suitable threshold if it is a solid-dashed line. It has to be
mentioned that 𝑓 should be less than 10, and if not, the result
may be interfered by noise. The detailed rules and thresholds
are listed below:

single-dashed line 0.30 ≤ 𝑟
𝑠
≤ 0.75, 𝑟

𝑑
≤ 0.10, 𝑓 < 10,

single-solid line 𝑟
𝑠
> 0.85, 𝑟
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≤ 0.10, 𝑓 < 10,

solid-dashed line 0.30 ≤ 𝑟
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+ 𝑟
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> 0.85,

𝑓 < 10,

double-solid line 𝑟
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> 0.85, 𝑓 < 10,

double-dashed line 0.30 ≤ 𝑟
𝑑
≤ 0.75, 𝑟

𝑠
≤ 0.1, 𝑓 < 10.

(2)

2.3. Ego-Motion Estimation in Surround View System Based
on ICP. The existence of vehicles in real traffic often causes
false detection or recognition. This problem is much more
serious in a larger field of view than in the view of surround
view system. To reduce false alarms, ego-motion estimation is
performed in this paper to detect vehicles. The visual field of
a surround view image is small, and ego-motion estimation is
not essential if only the information of host lanes is needed;
however, the ego-motion estimation of surround view system
is important for ego-motion estimation of panorama system
which will be studied later in this paper.

The host vehicle is the main occlusion in the surround
view image, and it can be detected and removed through
ego-motion estimation. Traditional ego-motion of vehicles
usually adopts optical flow method, which requires large
amounts of corners in the image; however, the images got
by the surround view system do not match the requirement;
thus, ICP is used here.

The ego-motion estimation system diagram is shown in
Figure 4, and inputs of this system are the image sequences
collected by the surround view system. The ego-motion
parameters, including displacement and variable rotation,
can be calculated through the method of ICP [23]. Taking
advantage of the image sequence and the ego-motion param-
eters, we can reduce the interference in lanes detection and
recognition and restore the area of the vehicle bottom.

Taking the vehicle coordinate system as reference, assum-
ing that 𝑃 is a point on the road, it is on point 𝑃

𝑎
when the car

is on point 𝑎 and 𝑃
𝑏
is on point 𝑏, and then the relationship

between 𝑃
𝑎
and 𝑃

𝑏
can be expressed as follows:

𝑃
𝑏
= 𝑅𝑃
𝑎
+ 𝐷. (3)

𝑅 and 𝐷, respectively, represent rotation and translation
variation of points between two adjacent frames, and those
two parameters could also be used to represent the rotation
and translation variation of cars position. ICP is adopted to
calculate 𝑅 and𝐷, and the detailed process is as follows.

(1) Get the initial rotation and translation parameters 𝑅
0

and𝐷
0
of the image sequence 𝐼

1
, 𝐼
2
, . . . , 𝐼

𝑁
;

(2) On the basis of the parameters 𝑅
𝑖
− 1 and 𝐷

𝑖
− 1,

calculated from the previous frame, we can get a new
image 𝐼

𝑖
+1
󸀠 transferred from image 𝐼

𝑖
, andΔ𝑅 andΔ𝐷

could be got by adopting ICP to images 𝐼
𝑖
+1
󸀠 and 𝐼

𝑖
+1,

and then we have 𝑅
𝑖
= 𝑅
𝑖
− 1+Δ𝑅,𝐷

𝑖
= 𝐷
𝑖
− 1+Δ𝐷;

(3) Repeat the iteration process 2 until the whole image
sequence has been finished;

(4) Derive the vehicle position by the ego-motion param-
eters, and amend the parameters of previous step if the
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(a) (b) (c)

Figure 2: Example of image preprocessing (a) raw image, (b) binary map, and (c) the lane markings detected by LHT.
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Figure 3: Region of interest and 𝑦 histogram.
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Figure 4: Ego-motion estimation system diagram.

filter forecast value is gotten by Kalman filter and the
actual values differ greatly.

For the reason that the host vehicle itself occupies a large
area in a surround view image, some information on the
road is blocked; however, an image with only lane markings
and traffic signs on the road may be a better choice while
generating a navigation map. Thus some work of image
mosaic is done in this paper.

The vehicle’s position and pose got by the ego-motion
estimation could be used to restore the road area blocked by
the vehicle through the fusion algorithm. Poisson fusion algo-
rithm is adopted in an iterative operation [24], inwhichwe fill
part of the area blocked by the vehicle in one image with the

Figure 5: Image stitching results.

same area of the road unblocked in previous image.With this
method, a vehicle in one image will be replaced by the area
of road it blocked; an example is shown in Figure 5. Image
mosaic provides a possible way to optimize the map genera-
tion, but detailed work will not be mentioned in this paper.

3. Multilane Detection and Recognition

In order to detect and recognize multilane, panorama based
methods are proposed. Panorama in this paper has a visual
angle of 360∘, and nearly all the lane markings on the road
could be seen in it, it is particularly suitable for multilane
detection. Panorama image has blind area, and the area
near the host vehicle will be blocked, but this problem is
solved since we adopt surround view system as a supplement.
Extending the information of host lane got by the surround
view system is an important premise of multilane detection.
Also, ego-motion estimation is used to remove the interfer-
ence of other vehicles.
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3.1. Multilane Detection and Recognition in Real Traffic. The
visual shield is quite small in a surround view image so thatwe
can describe a lane with straight line model; however, when
it comes to panorama, straight line model may cause great
deviation, and suitable curve models are necessary for fitting
multi-lane.

The panorama images are transferred into top view
images before used; thus, the lane markings are limited in
an area of about 50m; in this case, quadratic polynomial
models could well meet our demand [25]. Schematic diagram
is shown in Figure 6.

The multilane detection is similar to lane detection in
surround view images in the respect of feature detection,
such as using the color filter, width filter, and binary map,
but it requires better feature selection since there is more
interference in a panorama image.Thehost lane detection has
provided the information of position and width, which could
also be used in the multilane detection.

Linear Hough transform has been adopted to obtain
straight lines in surround view images, searching new points
along those fitted lines on both forward and backward
direction, and if one edge point is found on the tangential
direction of its previous points, this point will be clustered,
and this method is also suitable when the line is dashed or
unclear. The progress is shown in Figure 7.

In panorama system, similarmethod of clustering is used,
and the model turns from straight line to curve. Least square
method is used to seek parameters for quadratic curve fitting.
The formula is as follows:

SSD (𝑎, 𝑏, 𝑐) =

𝑛

∑

𝑖−1

(𝑦
𝑖
− 𝑎 − 𝑏𝑥

𝑖
− 𝑐𝑥
2

𝑖
)
2

. (4)

𝑥
𝑖
and 𝑦

𝑖
represent those points clustered before;

quadratic curve parameters 𝑎, 𝑏, 𝑐 could be calculated by the
method of partial differential.

Under the assumption that standard lanemarkings in one
image are parallel, other lane markings could be detected
according to the width and curve equation of host lane. For a
lane that matches the assumption, it is easy to get and cluster
the points in it, and for those not strictly matching, their
points could also be clustered by extending the searching area.
Fitting curves for different groups of points could be gotten
through the method of least square. Since a large view shield
is provided by a panorama image, we can detect nearly all the
lane markings on the current road surface, which is impossi-
ble for ordinary camera photos a result is shown in Figure 8.

3.2. Vehicle Detection Based on Ego-Motion Estimation. As
mentioned previously, the existence of vehicles in real traffic
may cause false detection or recognition, especially in the
panorama images. Rich features, which is adverse for ICP,
are covered in a Panorama, for such reason, optical flow
method is performed here to get the changes of position and
pose by calculating the optical flow information of corners in
the images. However, normal optical flow method would be
affected by the large amounts of moving objects in the visual
field; thus, ICP result is used to help to optimize the ego-
motion parameters in the panorama system. Both the host

W
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Y 𝜃

y = cx2 + bx + a

(Xc, Yc)

Figure 6: Lane model of the panorama system.

vehicle and other vehicles could be detected through the ego-
motion results.

The surround view system and panorama system are two
independent parts on the platform; in order to make their
data complementary, unified calibration is done; the detailed
progress is not mentioned in this paper. The frame rate is
20 fps for surround view system and 2 fps for panorama
system, and the results of ego-motion estimation in surround
view system cannot be used directly in the panorama system,
and some steps are necessary here.

With the method of ICP, we got the ego-motion param-
eters 𝑅 and 𝐷; then, define a transformation matrix 𝑀

󸀠

𝑛
.

Consider

𝑀
󸀠

𝑛
= [

𝑅
𝑛

𝐷
𝑛

0 1
] . (5)

The total changes of position and pose from the first
frame to 𝑛th frame could be gotten from the product of
transformation matrixes, 𝑀

𝑛
= ∏
𝑛

𝑖=1
𝑀
󸀠

𝑖
; accordingly, 𝑀

𝑗,𝑘
=

∏
𝑘

𝑖=𝑗+1
𝑀
󸀠

𝑖
. These transformation matrixes will be used later

to optimize the ego-motion parameters the details are shown
in Figure 9.

The concept of optical flow was firstly proposed by
Gibson, in 1950, and it uses the correlation of pixels between
adjacent frames to calculate changes on time domain; thus the
objects’ information of movement could be gotten.

In this paper, the method of sparse optical flow algorithm
KLT based on Pyramid model is adopted to calculate and
track features of corners in an image to form optical flow
field. Define 𝑃 = 𝑝

𝑖
as feature points in the previous frame

and 𝑋 = 𝑥
𝑖
as corresponding points in current frame; the
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Figure 7: Lane marking pixel clustering.

(a) (b)

Figure 8: (a) Clustered lane pixels and (b) lane fitting.

optimal rotation and translation matrices could be gotten by
minimizing the error showing in the following equation:

𝑒 =

𝑛

∑

𝑖=1

𝜔
𝑖

󵄩󵄩󵄩󵄩𝑒𝑖
󵄩󵄩󵄩󵄩

2

=

𝑛

∑

𝑖=1

𝜔
𝑖

󵄩󵄩󵄩󵄩𝑝𝑖 − 𝑅𝑥
𝑖
− 𝐷

󵄩󵄩󵄩󵄩

2 (6)

𝑅 and𝐷 are ego-motion parameters and 𝜔
𝑖
is the weight.

In practical traffic environment, some moving objects,
such as other vehicles or walkers, will form optical flow
field too. It is necessary to filter the point set 𝑃 and point
set 𝑋 to filter out the interference points and leave the
right points only. The transformation matrixes are used
here as a reference to determine the filter range. 𝑀󸀠

𝑛
is the

transformation relation between point sets; define 𝑑 as the

maximum acceptable error, and then the filter rule could be
described as follows:

−𝑑 ≤ 𝑀
󸀠

𝑛−1
𝑝
𝑖
− 𝑥
𝑖
≤ 𝑑. (7)

A point will be moved out of the point set, which is
expected to be used to calculate the ego-motion parameters,
if it does not match the rule above. For the rest points, their
weight could be calculated with the following formula:

𝑤
𝑖
= 1 −

󵄩󵄩󵄩󵄩󵄩
𝑀
󸀠

𝑛−1
𝑝
𝑖
− 𝑥
𝑖

󵄩󵄩󵄩󵄩󵄩

‖𝑑‖
2

. (8)

The optimized ego-motion parameters could be gotten
after finishing the filtering and calculation of weights. At the



Mathematical Problems in Engineering 7

0

2

4

1

3M󳰀
1

M󳰀
2

M󳰀
3

M󳰀
4

M4

M3 =
3

∏
i=1

M󳰀
1

M1,3 = M−1
1 M3 =

3

∏
i=2

M󳰀
j

Figure 9: Ego-motionmatrix transformation between the surround
view system and the panorama system.

same time, the optical flow field is divided into reasonable
values and abnormal values. Reasonable values are the points
used to calculate the ego-motion parameters while abnormal
values are the points moved out by the filter. In most cases,
the abnormal values represent other moving objects in the
surrounding environment. By clustering the abnormal values,
other vehicles could be detected easily. An optical flow field
of panorama and its vehicle detection results are shown in
Figures 11 and 10.

4. Traffic Signs Detection and Recognition

Except from the traffic lane markings, there are many traffic
signs on the road surface, which also provide useful informa-
tion for navigation. Some common traffic signs are shown in
Figure 12.

Traffic signs detection based on sliding window is per-
formed in this paper. Also, a new classification method com-
bining template matching and SVM is proposed to recognize
those traffic signs.

4.1. Traffic Signs Detection Based on Sliding Window. Now
that traffic lane markings have been extracted, the detec-
tion region is effectively limited; sliding window is created
between lane markings and will scan the whole road.

Otsu method is adopted in every sliding window to do
binary segmentation to the images [26, 27]. A binary image
is easily affected by noises; thus filter and clustering are
necessary. An 8-connected areas detection is used here to
cluster the binary image; the regions got by clustering will be
filtered with the following rules.

In most cases, noises only occupy a small area in one
image, and it is easy to clear them out and leave the traffic
signs only with an area constraint as follows:

𝑆min ≤ 𝑆 ≤ 𝑆max. (9)

Also, all the traffic signs lie in the middle of the sliding
windows; in other words, only some specific regions need
to be detected in an image, and the region constraint is as
followed:

𝐿min ≤ 𝐿 ≤ 𝐿max. (10)

With the detection rules mentioned above, 600 images
containing traffic signs in different situations are detected,
and some results is shown in Figure 13.

4.2. Traffic Signs Recognition Based on Template Matching
and SVM. Template matching is a method to find the cor-
responding parts in an image according to known templates
some templates are shown in Figure 14. To judge thematching
degree between template and the image, two parameters
could be used here.

SSD (Sum of Squared Difference) describes the squared
difference of two images, and the higher SSD is, the more
similar those two images are.

NCC (Normalized Cross Correlation) is the other com-
mon parameter, ranging from −1 to 1; the image and template
are exactly the samewhen 𝑟 = 1 and are totally different when
𝑟 = −1.

Some experiments about template matching have been
done in this paper; the result shows that SSD could provide
satisfying dipartite degree while NCC could not. However,
even the SSD failed in the detection of some images because
the template matching is quite sensitive to scaling and
rotation, even small changes would result in failure. In order
to improve the robustness of traffic signs recognition, a
recognition method based on SVM is proposed.

As mentioned above, for the existence of scaling and
rotation, the robustness of traffic signs recognition cannot
be guaranteed; what is more, some traffic signs suffer from
occlusion andwear,making the recognition effect evenworse.
Fourier Descriptor is scaling and rotation invariant, and it
could describe the features of objects precisely in different
shooting angles, and the influence of occlusion and wear
could also be weakened by it.

The contour of signs is regarded as a closed curve, and
every pixel has a coordinate (𝑥(𝑡), 𝑦(𝑡), 𝑡 = 0, 1, . . . , 𝑁 − 1),
and the coordinate is described by complex number 𝑥 + 𝑦

𝑖
;

the Fourier Descriptor could be calculated through discrete
Fourier transform and normalization. Fourier Descriptor
within a certain frequency range is chosen as classification
feature for the recognition [28].

SVM are supervised learning models with associated
learning algorithms that analyze data and recognize pat-
terns, mainly used for classification and regression analysis.
Essentially, SVM is a liner linear classifier, and points in 𝑛-
dimensional will be divided into different parts [29, 30].Thus
it could be used to classify the features of traffic signs, in other
words, complete the recognition of them.

63 samples’ Fourier Descriptors are used to test the
classification efficiency of SVM, and the result is shown in
Table 1.

Obviously, we got accuracy rates higher than 90% for
most signs using Fourier Descriptor as feature; however, it is
difficult for SVM to distinguish “Turn left” and “Turn right,”
as well as “Go straight and turn left” and “Go straight and turn
right;” in other words, SVM should not be used in the recog-
nition of axisymmetric images. For this case, a method com-
bining templatematching and SVM is proposed in this paper.

While classifying signs with SVM, axisymmetric signs
and nonaxisymmetric signs are separated; for example, “Turn
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Table 1: SVM classification results featured by normalized Fourier descriptors.

Turn left Turn rignt Go straight Go straight and turn left Go straight and turn right
Turn left 100 64.28 92.86 95.23 97.62
Turn rignt 100 95.25 95.24 95.24
Go straight 100 93.33 92.09
Go straigh and turn left 100 57.14
Go straight and turn right 100

Figure 10: Vehicle detection results.

Figure 11: Optical flow field in the panoramic images.

left” and “Turn right” belong to one class, “Go straight and
turn left” and “Go straight and turn right” belong to another,
while the rest of the signs belong to their own groups. The
classes of axisymmetric signs will be recognized through
the method of template matching. The accuracy is greatly
improved since there are only two types of signs in each class
and they are quite different in contour. The whole flowchart
is shown in Figure 15.

5. Experimental Results

5.1. Experimental Platform. The proposed system was imple-
mented in our experimental platform based on the Cyber-
Tiggo, which has four fisheye cameras mounted around the
vehicle to collect surround view images and a ladybug3
camera on the top to collect panorama images. The angle
encoder for measuring the steering wheel angle and the
odometer encoder are also installed on the platform. The
frequency of vehicle industrial computer is 2.40GHz, with

Table 2: Lane detection results based on surround view system.

Recall (%) Precision (%)
99.96 97.23

4G memory and Window XP operating system, and real-
time data acquisition and processing can be completedwithin
it. Details are shown in Figure 16.

5.2. Results of Host Lane Recognition. 1200 images with 2316
lane markings are used for evaluation of the surround view
system, which cover a wide variety of situations. In Figure 17,
several typical lane markings are shown in aerial view
together with the recognition results. The quality of the lane
markings is not consistent, and worn out markers are also
included.

The recognition results are divided into 2 situations: true
Positives and false Negatives. Two parameters, Precision and
Recall, are used to measure the statistical results in Table 2.
Table 3 shows the recognition result. The definitions of
Precision and Recall are as follows:

Precision =
true Positives

true Positives + false Positives
,

Recall = true Positives
true Positives + false Negatives

.

(11)

The statistical results of host lane recognition is 97.19%,
which proves that the method proposed in this paper is
practical, and the main reason for failed recognition is acute
changes in the light and the existence of badly worn lane
markings.
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Figure 12: Common traffic signs on road surface.

Figure 13: Samples of real traffic signs.

Table 3: Lane recognition results based on surround view system.

Number Proportion (%)
Success 2133 93.76
Color detection failed 73 3.21
Type detection failed 91 4.0

5.3. Results of Multilane Recognition. More than 1000 images
are used for evaluation of the panorama system, and a

wide variety of situations, such as tunnels, high-speeds, and
normal roads, are involved in. Several results are shown in
bird’s-view in Figure 18, including single dashed lines, single
solid lines, and others, and both curved roads and straight
roads could be seen in it.

Like the recognition of host lanes, the recognition results
of multilane are divided into true Positives and false Neg-
atives. Precision and Recall are also used here to measure
the statistical results in Table 4.The results of recognition are
shown in Table 5.
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Figure 14: Templates of traffic signs.
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Figure 15: Classification flowchart of traffic signs on road surface.

Table 4: Lane detection results based on panorama system.

Recall (%) Precision (%)
With vehicle detection 95.17 92.33
Without vehicle detection 95.36 87.28

Table 5: Lane recognition results based on panorama system.

Number Proportion (%)
Success 509 90.89
Color detection failed 22 3.93
Type detection failed 29 5.18

Seen the result in Table 4, the recognition accuracy is
lowerwhen the vehicle detection is not adopted because other
vehicles would bring interference to the feature detection.
Compared with the host lane recognition, both Precision
and Recall are much lower in the panorama system; the
possible reason is that panorama images are more complex
than surround view images.

The statistical results ofmultilane recognition are 90.89%,
and acute changes in the light and occlusion contribute
mostly to the wrong recognition.

5.4. Results of Traffic Signs Recognition. About 150 images are
used for the evaluation of traffic signs recognition, most of
them contain more than 3 traffic signs, and the recognition
results could be seen in Figure 19. Also, Precision and Recall
are used to verify the effectiveness of detectionmethod based
on sliding window adopted in this paper, and the statistical
results are listed in Table 6. The results of recognition are
shown in Table 7.

The method of sliding window is proved to be efficent in
the detection of traffic signs; however, only 95.4% of all the
traffic signs could be recogized correctly, and stains on the
road and worn signs may be to blame.

6. Conclusions

This paper presents a vision-based approach for the detec-
tion and recognition of various kinds of road markings. A
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Figure 16: Experimental platform.

Figure 17: Experimental results of host lane detection and recognition.

Table 6: Traffic sign detection results.

Recall (%) Precision (%)
96.48 94.70

Table 7: Traffic sign recognition results.

Number Proportion (%)
Success 331 95.4
Failed 15 4.6

platform equippedwith surround view system and panorama
system is used to collect road information in a wide range.

For host lane detection and recognition based on sur-
round view system, Hough transform is used to get the main
direction of road lane and a histogram analysis is performed
to obtain the features, including the color, number of lines,
and dashed-or-solid style. Image compensation in the HSV
color space further improved the results performance. In
order to recognize host lanes and restore the road area
blocked by the host vehicle, ego-motion estimation based on
ICP is adopted to get the position andpose of vehicles, and the
road images are successfully restored through Poisson fusion
algorithm after getting the ego-motion parameters.

For detection and recognition of multilane based on
panorama system, similar method, as in the surround view
system, is used. In order to reduce the interference caused by
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Figure 18: Experimental results of multilane detection and recognition.

other vehicles in the detection and recognition, ego-motion
estimation based on optical flow method is applied; the ego-
motion parameters got in the surround view system is also
used to optimize the result.

For traffic signs recognition, an approach combining
template matching and SVM is proposed.The approach used
the Fourier Descriptor as features, since SVM has difficulty
in recognizing axisymmetric traffic signs, and this paper
proposes a novel algorithm that extracts features based on
contour segments, and then performs template matching to
identify the axisymmetric signs.

Experimental results of detection and recognition of host
lanes, multilane, and traffic signs substantiate the effective-
ness and robustness of all themethods proposed in this paper.

The basic road information essential for a precise gener-
ation map could be gotten through the methods proposed in
this paper. Future work will focus on the specific process of
precise generation map generation with the recognized road
markings.

Conflict of Interests

The authors declare that they do not have any conflict of
interests with the content of the paper.

Acknowledgments

This work was supported by the General Program of National
Natural Science Foundation of China (61174178/51178268),



Mathematical Problems in Engineering 13

Figure 19: Experimental results of traffic signs detection and recognition.

the Major Research Plan of National Natural Science Foun-
dation of China (91120018/91220301), and National Magnetic
Confinement Fusion Science Program (2012GB102002).

References

[1] D. Anguelov, C. Dulong, D. Filip et al., “Google street view:
capturing the world at street level,” Computer, vol. 43, no. 6, pp.
32–38, 2010.

[2] H. Hattori, “Stereo for 2D visual navigation,” in Proceedings of
the IEEE Intelligent Vehicles Symposium, pp. 31–38, Dearborn,
Mich, USA, 2000.

[3] S. S. Ieng, J. P. Tarel, and R. Labayrade, “On the design of a
single lane-markings detectors regardless the on-board camera’s
position,” in Proceedings of the IEEE Intelligent Vehicles, pp. 564–
569, September 2003.

[4] Y. Zhou, R. Xu, X. Hu, and Q. Ye, “A robust lane detection
and tracking method based on computer vision,”Measurement
Science and Technology, vol. 17, no. 4, pp. 736–745, 2006.

[5] Y. Wang, E. K. Teoh, and D. Shen, “Lane detection and tracking
using B-Snake,” Image and Vision Computing, vol. 22, no. 4, pp.
269–280, 2004.

[6] R. Labayrade, J. Douret, and D. Aubert, “A multi-model lane
detector that handles road singularities,” in Proceedings of the
IEEE Intelligent Transportation Systems Conference (ITSC ’06),
pp. 1143–1148, September 2006.

[7] C. Wang, H. Taher, E. Naser, and L. Martin, Automatic Road
Geometry Extraction System for Mobile Mapping, ARVEE,
Padua, Italy, 2007.

[8] Z. W. Kim, “Robust lane detection and tracking in challenging
scenarios,” IEEE Transactions on Intelligent Transportation Sys-
tems, vol. 9, no. 1, pp. 16–26, 2008.



14 Mathematical Problems in Engineering

[9] A. Schindler and V. Lauren, “Video-based recognition of
unmarked lanes via texture interpretation and N-level-set-
fitting,” in Proceedings of the 12th International IEEE Conference
on Intelligent Transportation Systems (ITSC ’09), pp. 114–119, St.
Louis, Mo, USA, October 2009.

[10] M. Yang, C. Wang, F. Chen, B. Wang, and H. Li, “A new
approach to high-accuracy road orthophoto mapping based
on wavelet transform,” International Journal of Computational
Intelligence Systems, vol. 4, no. 6, pp. 1367–1374, 2011.

[11] H. Fang, M. Yang, R. Yang, and C. Wang, “Ground-texture-
based localization for intelligent vehicles,” IEEE Transactions on
Intelligent Transportation Systems, vol. 10, no. 3, pp. 463–468,
2009.

[12] B. Noharet, R. Hey, and H. Sjoberg, “Comparison of the
performance of correlation filters on images with real-world
nonoverlapping noise: influence of the target size, illumination
and in-plane rotation distortion,” inOptical Pattern Recognition
IX, vol. 3386 of Proceedings of SPIE, pp. 212–221, Orlando, Fla,
USA.

[13] “Applications of digital image processing XXIII,” in Proceedings
of the SPIE, A. G. Tescher, Ed., vol. 4115, Bellingham, Wash,
USA, 2000.

[14] “Sign language recognition using competitive learning in the
HAVNET neural network,” in Applications of Artificial Neural
Networks in Image Processing V, N. M. Nasrabadi and A. K.
Katsaggelos, Eds., vol. 3962 of Proceedings of SPIE, Bellingham,
Wash, USA, 2000.

[15] C. Y. Fang, C. S. Fuh, S. W. Chen, and P. S. Yen, “A road sign
recognition system based on dynamic visual model,” in Pro-
ceedings of the IEEE Computer Society Conference on Computer
Vision and Pattern Recognition, pp. 750–755, Madison, Wis,
USA, June 2003.

[16] W. Liu and K. Maruya, “Detection and recognition of traffic
signs in adverse conditions,” in Proceedings of the IEEE Intelli-
gent Vehicles Symposium, pp. 335–340, June 2009.

[17] C. F. Paulo and P. L. Correia, “Traffic sign recognition based
on pictogram contours,” in Proceedings of the 9th International
Workshop on Image Analysis for Multimedia Interactive Services
(WIAMIS ’08), pp. 67–70, Klagenfurt, Austria, May 2008.

[18] A. Ruta, Y. Li, and X. Liu, “Real-time traffic sign recognition
from video by class-specific discriminative features,” Pattern
Recognition, vol. 43, no. 1, pp. 416–430, 2010.

[19] A. de la Escalera, J. M. Armingol, and M. Mata, “Traffic sign
recognition and analysis for intelligent vehicles,” Image and
Vision Computing, vol. 21, no. 3, pp. 247–258, 2003.

[20] H. Poor, An Introduction to Signal Detection and Estimation,
chapter 4, Springer, New York, NY, USA, 1985.

[21] I. Sebanja and D. B. Megherbi, “Automatic detection and
recognition of traffic road signs for intelligent autonomous
unmanned vehicles for urban surveillance and rescue,” in
Proceedings of the IEEE International Conference onTechnologies
for Homeland Security (HST ’10), pp. 132–138, 2010.

[22] H. Fleyeh, “Color detection and segmentation for road and traf-
fic signs,” in Proceedings of the IEEE Conference on Cybernetics
and Intelligent Systems, pp. 809–814, December 2004.

[23] A. Censi, “An ICP variant using a point-to-line metric,” in IEEE
International Conference on Robotics and Automation (ICRA
’08), pp. 19–25, 2008.
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