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Abstract—In this paper, we propose an accurate and real-time
positioning method for robotic cars in urban environments. The
proposed method uses a robust lane marking detection algorithm,
as well as an efficient shape registration algorithm between the
detected lane markings and a GPS-based road shape prior, to
improve the robustness and accuracy of the global localization of a
robotic car. We show that, by formulating the positioning problem
in a relative sense, we can estimate the global localization of a
car in real time and bound its absolute error in the centimeter
level by a cross-validation scheme. The cross-validation scheme
integrates the vision-based lane marking detection with the shape
registration, and it improves the accuracy and robustness of the
overall localization system. The GPS localization can be refined by
using lane marking detection when the GPS suffers from frequent
satellite signal masking or blockage, whereas lane marking detec-
tion is validated and completed by the GPS-based road shape prior
when it does not work well in adverse weather conditions or with
poor lane signatures. We extensively evaluate the proposed method
with a single forward-looking camera mounted on an autonomous
vehicle that travels at 60 km/h through several urban street scenes.

Index Terms—Global localization, map-aided localization,
shape registration, cross validation.

I. INTRODUCTION

R ELIABLE and accurate real-time positioning and nav-
igation is a foundation and demanding technology for

robotic cars driving in urban environments. Although vehicular
telematics currently available provide services with positioning
and navigation requirements that can be fulfilled by low cost
Global Positioning System (GPS) receivers and map matching
technology [1] with digital maps, these systems are vulnerable,
and have to be supported by additional information sources
to obtain the desired accuracy, integrity, availability, and con-
tinuity of service [2]–[4]. The gap between GPS positioning
accuracy and the requirements of robotic car driving in urban
environments still exists, and it becomes one of the challenging
problems in the field of robotic cars and intelligent vehicles.
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Generally, in-car navigation systems match the information
from a GPS receiver with that of a digital map [5]. The most
likely position of the vehicle on the road is estimated by
comparing the trajectory and position information from the
GPS receiver with the roads in the digital map. This kind
of positioning is unidirectional, and often degrades due to
poor satellite constellation geometry, shadowing, and multi-
path propagation of satellite signals. Complementary methods,
relying upon information from dead-reckoning sensors such as
accelerometer, gyroscope, and odometers, have been attempted
to bridge the gaps of GPS positioning errors. However, in addi-
tion to these expensive sensors they required, their drifts rapidly
increase with time, and frequent calibration is required [6].

To address the GPS positioning errors, fusing visual informa-
tion, digital map, and GNSS to improve the global localization
accuracy of vehicle has been a hot topic in the past years
[7]–[10]. The accuracy of visual information and digital map
are the main factors for the accuracy of an accurate global
localization. Discriminable visual features have been designed
to match with those stored in a map, the correspondences are
used to correct the global localization of vehicle, respected to
the map. But detecting and tracking these features continuously
in dynamic environments are still very challenging. Meanwhile,
different methods are used to generate digital maps, and to guar-
antee the accuracy of maps. Complex configurations between
different sensors and data, including camera, laser scanner,
aerial images, open free map, RTK-GPS, and vehicle odom-
etry, have been studied to provide accurate map enough for
localization applications. However, these sensors cannot always
provide accurate measurements in large scale outdoor envi-
ronments, and the propagation of sensors errors can result in
more serious errors in map, and the accurate global localization
cannot be recovered.

In this paper, we propose an accurate and real-time global po-
sitioning method via fusing vision based lane marking detection
with GPS based localization for robotic cars driving in urban
environments. We extended our previous work [7] to achieve
accurate global localization in large scale urban environments.
An innovative cross validation scheme is introduced in this
paper. An efficient lane marking detection algorithm and a GPS
based road shape prior form the basis of the cross validation
scheme. The cross validation scheme is achieved by effectively
fusing both the vision based lane marking detection and the
GPS based road shape prior. We demonstrate that by formulat-
ing the positioning problem in a relative sense, we can estimate
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current GPS drift in real-time by matching the lane marking
results against GPS based road shape prior. We can then correct
the GPS position fix, and bound its absolute error in centimeter-
level, while the false lane marking results can be validated and
corrected. The proposed method has been extensively tested in
our robotic car in real urban environments.

The rest of the paper is structured as follows. Related work
is discussed in Section II. Section III presents an overview of
the proposed localization system. Section IV gives a brief de-
scription about the two basic modules of the proposed system:
the lane marking detection algorithm, and the style of the road
map. The core of the proposed localization method, shape reg-
istration, is discussed in details in Section V. In Section VI, the
cross validation scheme is presented. The module combines the
vision based lane marking detection with the GPS based road
shape prior, and results in a robust and accurate localization
of robotic cars. Section VII presents the extensive test results
of our method with a robotic car driving in several real urban
environments. A discussion on the limitations of the system is
also presented. Section VIII concludes this paper, with a short
discussion of future work.

II. RELATED WORK

Over the past few years, incorporating visual information
from cameras mounted on a vehicle into the global positioning
system has been attempted to address the aforementioned prob-
lems, since the low cost vision based systems have been proven
to be capable of locally tracking the position of a vehicle over
long distance [11], [12]. One milestone work, the Real-time
Simultaneous Localization And Mapping (SLAM) [13] using
only monocular vision has been achieved, but only for small
scale environments with less than 100 landmarks. However,
this motivated many attempts to map with visual information
[8]–[10], [14], [15]. Even some maps provided by these works
are in a relative sense, they make a bidirectional map matching
procedure possible, which not only produces a position and
trajectory consistent with the road network but also feeds back
information from the map matching to camera sensor fusion
as well.

There are many good examples in this line of thinking.
Integration of stereo vision based visual odometry with GPS
positioning for global localization has been presented in [4].
Although results are encouraging, there are still some problems
such as outliers in feature points to be tracked in dynamic
outdoor environment, errors in estimating the distances traveled
or the pitch and roll angles, and being sensitive to illumination
changes or non-stationary objects. The method reported in
[3] fuses stereo vision with aerial image prior to estimate
the vehicle pose with bounded error in 10 m in real-time.
Its robustness and position error still need to be improved
to meet advanced requirements of robotic cars. Another new
and exciting map-based probabilistic visual self-localization
method is proposed by A. Brubaker et al. [16], [17]. The visual
odometry computed from two video cameras and the freely
available Open Street Map are the inputs for the system, and the
proposed method is able to localize a vehicle to 4 m on average
after a few seconds of driving on maps which contain more than

2,150 km of drivable road. But the localization accuracy is
still far from the autonomous driving requirements, and to
cope with the inherent ambiguities in the OSM is still very
challenging.

Some recent works are oriented to address the localization
problems in urban environments, where a lot of structural road
or traffic sign information can be extracted to match with that in
a map. Vu et al. [8] propose a method for lane-level navigation
by combing DGPS measurements together with visual features
of traffic lights. A map storing the GPS positions of all the
traffic lights is built. These visual features of traffic lights are
efficient to correct the longitudinal errors, while the availability
of these features is limited due to the camera’s angle of view.
The correction of longitudinal errors can only be realized when
the traffic lights appear in the images. Schreiber et al. [9] use
a high accuracy map to fuse with the lane marking and curb
detection results, and achieve a centimeter range accuracy. This
method is highly dependent on the detection accuracy of lane
markings and curbs, but this prerequisite cannot always be sat-
isfied especially when it is tested in rural environments. In [10]
Tao et al. demonstrate their method for lane marking aided
vehicle localization with a two-stage map-matching process.
With an accurate map created beforehand by fusion of stereo
vision, GPS, and/or aerial images, the vehicle can be positioned
in lane-level by matching detected lane markings with map. But
only with an accurate map embedded with detailed information
of lane markings could the position accuracy be improved to
about 1 m.

Please note that all these systems have similar assumptions,
that the errors contained in the maps are acceptable, and the
accuracy of map can be guaranteed and the map can be used as
ground truth. In this paper, we follow the same assumptions.

III. OVERVIEW OF THE SYSTEM

The architecture of the proposed vehicle localization system
is illustrated in Fig. 1. With the inputs from a forward-looking
camera, an Inertial Measurement Unit (IMU), a standard GPS
receiver, and a road map, the proposed system outputs lane
marking detection and the global localization of the vehicle in
centimeter-level. The localization procedure consists of three
modules: 1) visual localization, 2) GPS localization, and 3) the
cross validation. Both the accuracy and robustness of the final
localization are improved by the cross validation of the visual
localization and the road map.

The visual localization is implemented by integrating the
lane marking detection with the camera pose measurements
from an IMU. Based on the lane marking localization in images
output by the lane marking detection algorithm, along with
camera pose measurements from the IMU, the visual localiza-
tion module recovers the position and orientation of the vehicle
within the lane. The road in front of the vehicle is modeled as
a flat surface which implies that there is a simple projective
relationship between the image plane and the ground plane.
The lane detection is then reduced to the localization of lane
markings painted on the road surface.

The GPS localization outputs filtered GPS position fix, which
alone can not recover the position of a vehicle with sufficient
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Fig. 1. Architecture of the proposed vehicle localization system.

accuracy to perform autonomous driving. In this module, we
use the GPS position fix as an initialization to start a map
matching algorithm [18] which finds the localization of the
vehicle in the road map. The road map is a GPS based digital
map, representing both the leftmost and rightmost lane mark-
ings of the road. After the map matching procedure, we obtain
a sequence of GPS points to represent the shape of the road that
the vehicle is traveling on, which is denoted as the road shape
prior in this paper.

The cross validation scheme is responsible for fusing road
shape prior from the GPS localization module and lane marking
detections from the visual localization by a shape registration
algorithm. The final localization provides a vehicle position
estimated in centimeter-level. This module consists of a shape
registration algorithm and a position refining procedure. The
shape registration algorithm validates the detected lane marking
results since the detected results may contain noises or wrong
detections. We introduce the road shape prior to address this
problem. More specifically, the shape registration is achieved
by an efficient iterative closest point algorithm (ICP) which
measures the similarity between the lane shape formed by
the detected lane markings and the road shape prior. The
position refining procedure can then correct the GPS position
fix according to translation output by the ICP based shape
registration.

The foundation of the proposed localization method lies on
the fact that the errors in GPS localization and visual local-
ization are complementary in nature. On the one hand, GPS
position fixes are inaccurate and at times may be unavailable
altogether. The approximation of the road geometry by means
of shape points introduces additional local errors, since the
accuracy level of standard maps today is around 5 m to 20 m.
However, the errors in GPS positioning fixes are bounded.
On the other hand, visual localization technologies generally
cannot be used to localize a vehicle accurately for indefinitely
long periods of time because they do not measure absolute
position. Without an occasional measurement of absolute posi-
tion, the error in a position estimated using vision technologies
alone grows without bound. Utilizing visual localization in
conjunction with GPS localization can then enhance the overall
performance of the proposed positioning technology.

The proposed localization system is implemented on our
autonomous vehicle prototype Kuafu-1, a modified Toyota
highlander, as shown in Fig. 2. We have extensively tested the
system in different urban environments.

Fig. 2. Our prototype vehicle Kuafu-1. (a) Front shot of Kuafu-1. (b) Kuafu-1’s
participation during the urban competition of the 2013 China Future Challenge
of Intelligent Vehicle, held in Changshu, Jiangsu.

IV. LANE MARKING DETECTION AND ROAD MAP

As illustrated in Fig. 1, the lane marking detection and road
map are the inputs for the following cross validation scheme. In
this section, we first give a brief description of the lane marking
detection algorithm, then the style and availability of road map
used in the system is shortly introduced.

A. Robust Lane Marking Detection With IMU

Lane marking detection has been greatly covered in the
literature of autonomous driving and in the automotive industry
(commercial lane detection systems). Here we present an effi-
cient lane marking detection system by integrating the vision
based detection of lane markings and camera pose estimation
with a self-build IMU.

The lane markings are modeled as white bars of a particular
width against a darker background in an input image. Image
regions which satisfy this intensity profile can be identified
through a template matching procedure [19] over the Inverse
Perspective Mapping (IPM) of the input image. A trilinear
method [20] is used to guarantee the accurate IPM transforma-
tion. An IMU composed of a fiber optic gyroscope (FOG), and
a speed sensor, is used to associate the lane marking detections
in consecutive time steps. A 3-lane model is also defined,
as shown in Fig. 3(a) as a semantic template to match with
detected lane markings. Fig. 3 shows the lane marking result
of the proposed lane marking detection algorithm in urban
environment.

The proposed lane marking detection algorithm has been ex-
tensively tested in different outdoor environments under various
weather conditions and illuminations. The module performs
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Fig. 3. Multi-lane markings detected in urban environment. (a) Detected lane
markings projected onto original image. (b) Detected lane markings projected
onto IPM image.

Fig. 4. Examples of lane marking detection failures affected by background
clutters and lack of road shape prior. (a) The white pole at road side has been
falsely extracted as lane marking features. (b) The detected lane marking L2
from the lane in opposite driving direction conflicts with the 3-lane model.

excellently in most of the cases, but still suffers from some chal-
lenging situations. Fig. 4 illustrates two challenging examples.
These failures can be solved by introducing a road shape prior.
The road shape prior can be used to judge if a straight lane has
been falsely detected as a curved lane, as shown in Fig. 4(a).
The width of road in the map can be used to eliminate the lane
in opposite driving direction, as shown in Fig. 4(b).

B. Style and Availability of Road Shape Prior

Here we present the road map used in the system. Fig. 5 is
an example of the road map, from the urban competition of
the 2013 China Future Challenge of Intelligent Vehicle, held in
Changshu, Jiangsu. The map is projected onto corresponding
aerial image provided by Google Earth [21].

Unlike the map presented in [9], [10], [22] where the maps
are oriented to lane marking maps with abundant detailed
information, our road map is in a simple, compact, and point
by point format, storing the GPS positions of both the leftmost
and rightmost lane markings. Map data is stored in east-north-
upper (ENU) coordinate system. The road shape prior is then
presented by the sequence of GPS points after map matching.

Considering the simple format of our road map, here we
use a two-step map generation method. In the first step, the
route is divided into several independent road segments, and
the leftmost and rightmost lane markings of each road segment

are manually labeled using Google Earth satellite image [21].
The second step is to improve the accuracy of map. Due to the
propagation of error in perspective mapping or some regional
regulations [23], the road map may contain errors, mainly in
scale, rotation, and translation. We then label the GPS positions
of several landmarks of each road segment in the satellite
image, and their corresponding GPS positions in real environ-
ments. The centimeter position accuracy of RTK-GPS promises
the ground truth positions of landmarks. An ICP [24] method
is employed to compute the scale, rotation and translation
between the two measurements, independently for each road
segment. The accuracy of road map is improved by scaling,
rotating and translating each road segment independently.

Please note that the availability of Google Earth is the foun-
dation, while this cannot always be promised. The correction of
road map is just a rigid transformation up to a scale factor, errors
such as the inconsistent shape of road between Google Earth
and real environments cannot be corrected. In this situation, we
also introduced the lane marking detection of corresponding
image sequence to correct these errors. The final road map is
combined with Google Earth and lane marking results cap-
tured with RTK-GPS. In this paper, the road map presents the
ground truth of the leftmost and rightmost lane markings in real
environments.

V. SHAPE REGISTRATION

As mentioned in Section IV, the lack of road shape prior
may cause serious problems in lane marking detection. We
introduce the road shape prior to address these problems, and
then perform a geometric consistency check between the shape
of the detected lane markings and the road shape prior. An ICP
based shape registration algorithm is developed for the geo-
metric consistency, and this algorithm is the core of the cross
validation scheme. We present the shape registration algorithm
in the following before introducing the cross validation scheme.
The definitions of symbols used in this section are summarized
in Table I.

The ICP based shape registration algorithm can be sum-
marized as follows: given two point sets Ll and Lr evenly
sampled from the leftmost and rightmost lane marking results
of the 3-lane model, respectively, and two point sets Rl and
Rr evenly sampled with the same interval from the left and
right boundaries of the road shape prior. The goal is then to
find a rigid transformation T (consists of a rotation R and a
translation T ) which yields the best alignment between Llr

and Rlr . As the correspondence between Llr and Rlr are
unknown, the optimal T is then found by alternating iterative
minimization of the distance function in the right hand of the
Eq. (1) under the constraints RTR = 1 and det(R) = 1.

T = arg(T,R) min
∑
i

∥∥∥RRi
lr + T − L

i(j)
lr

∥∥∥2 (1)

Each iteration of the alternative iterative minimization con-
sists of two steps. The first step of the (k + 1)th iteration solves
Eq. (2) to find the optimal corresponding relationship between
Rlr and Llr for the rotation matrix Rk and translation vector Tk
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Fig. 5. Our self-build GPS based road map, projected onto aerial image. (a) Left column is the global view of the whole map, and the right column is the local
view of different segments of the whole map. (b) illustrates the point by point format of map, the light blue points (Rlx(i), Rly(i)) present the leftmost lane
marking of current road, and the yellow points (Rrx(i), Rry(i)) present the rightmost lane marking.

TABLE I
SYMBOLS USED IN SHAPE REGISTRATION

given in the kth iteration. Eq. (2) could be solved via k-d tree
[25] or Delaunay tessellation algorithm [26].

Ck(i) = argj min
∥∥∥(RkR

i
lr + Tk

)
− Lj

lr

∥∥∥ (2)

where vector Ck records points in Llr corresponding to the
points of Rlr in the kth iteration. In practice, the searching of
correspondence is limited between (Rl, Ll) and (Rr, Lr). The
second step then refines the rotation and translation by solving
Eq. (3).

(Rk+1, Tk+1) = argmin
∑
i

∥∥(RRi
lr + T

)
− Ck(i)

∥∥ (3)

Theoretically, searching for the optimal (R, T ) requires that
the target function in the right hand of Eq. (3) to reach a
global minimum value. This is difficult without exhausting all
possible transformations, so a local minimum may be obtained.
However, in practice, the majority of inconsistency between the
shape of lane and the shape of road could be attributed to two
factors: (1) the error T between the current GPS position fix
and the corresponding GPS position fix in the GPS shape prior,
and (2) rotation angle θ between the current yaw that captures
the image for the lane marking detection and the corresponding
yaw in the GPS shape prior. Both θ and T are bounded.

We can solve Eq. (3) in a more efficient way than the widely
used least square algorithm. We know that the target function in
the right hand of Eq. (3) reaches the minimum value given that
the translation vector T = (

∑
iCk(i)−

∑
iRkR

i
lr)/N , where

N is the total number of points in Rlr . By introducing T into
Eq. (3), we obtain Eq. (4).

F (θ) =
∑
i

∥∥R(θ)pi −mi
∥∥2 (4)

where pi = Ri
lr − (1/N)

∑N
i Ri

lr, and mi = Ck(i)−
(1/N)

∑N
i Ck(i). Minimizing function in the right hand of

Eq. (4) requires to meet the condition as Eq. (5).
∂F (R(θ))

∂θ
= 2 sin(θ − ψ) (5)

ψ = arctan

(∑N
i

(
yimxi

p − xi
myip

)∑N
i

(
xi
mxi

p + yimyip
)) (6)

where pi = (xi
p, y

i
p)

T
and mi = (xi

m, yim)
T

.
Obviously, ψ is the optimal solution for the given corre-

sponding relationship between Rlr and Llr. The function F (θ)
is a monotonically decreasing function when θ ∈ [ψ − π, ψ],
and a monotonically increasing function when θ ∈ [ψ, ψ + π].
We can assume θ ∈ [θa −Δ, θa +Δ] since θ is bounded,
where θa and Δ can be determined empirically. Thus we choose
θ = ψ if ψ ∈ [θa −Δ, θa +Δ]. In case that ψ < θa −Δ, we
choose θ = θa −Δ. In case that ψ > θa +Δ, we choose θ =
θa +Δ. Accordingly, the translation vector T can be deter-
mined as Eq. (7).

T =

(∑
i

Ck(i)−
∑
i

R(θ)Ri
lr

)/
N (7)

VI. CROSS VALIDATION BASED ON SHAPE REGISTRATION

The cross validation uses the shape registration algorithm to
check the geometric consistency between lane marking results
and road shape prior. As shown in Fig. 6, 3 steps are involved:
geometric consistency check, drift estimation, and lane marking
completing. After the cross validation, the system outputs the
validated and completed lane marking results, and the refined
global localization.
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Fig. 6. Flowchart of cross validation. The final output are the completed lane marking results, and the refined global localization.

A. Geometric Consistency Check

The purpose of geometric consistency check is to validate the
lane marking results by using the road shape prior.

When the optimal T is determined, the best correspondence
between road shape prior Rlr and lane marking results Llr is
known, and Rlr can be transformed by T to best align with
Llr. We denote the transformed road shape prior R̃lr. Then the
distances between R̃lr and Llr are computed, and the distance
variance is used to judge if the lane marking results is geometric
consistent with the road shape prior or not.

If Llr is geometric consistent with R̃lr , the validated lane
marking results are kept, and then are used to estimate the
GPS drift in the second step. The wrong lane marking results
are discarded, and R̃lr are split to replace the invalidated lane
marking results. We denote these generated lane markings as
virtual lane markings, and the generated lanes as virtual lanes.
Fig. 7 shows an example of how the wrong lane marking results
are discarded, and the virtual lane markings are generated.

B. Estimating GPS Drift

Once the lane marking results are validated by the geometric
consistency step, the following processing is to estimate the

Fig. 7. Example of generating virtual lane markings to replace the wrong lane
marking results. (a) The light blue lines are false detection, and the blue line
and red line are the virtual lane markings. (b) The failure in detecting the lane
markings due to the white pole. (c) The light blue points present the leftmost
lane marking in map, and the yellows present the rightmost lane marking
in map, the detected lane markings are discarded as they are not geometry
consistent with the road shape prior. (d) A virtual lane is then generated from
the road shape prior.

local drift of vehicle localization in the map with respect to the
detected lane markings, and refine the global localization.

The translation T of the optimal transformation T in Eq. (1)
accounts for the drifts of the current GPS position fix. Current
GPS position fix can then be adjusted according to the transla-
tion T that best matches the shape of the lane marking results
with the road shape prior. The accuracy of the GPS position fix
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Fig. 8. Illustration of different situations when applying the proposed shape
registration method. The red lines are detected lane marking results, the light
blue lines are local road shape prior, and the green angle illustrates the view
angle of camera. (a), (b), and (c) Both the leftmost lane marking Ll and
rightmost lane marking Lr are detected, the shape registration uses both
(Ll, Lr) and (Rl, Rr), only the leftmost and rightmost lane marking results
are solid lines. (d) Only leftmost lane marking Ll is detected and aligned
with leftmost lane marking Rl in road shape prior, and only the leftmost lane
marking result is solid line. (e) Only rightmost lane marking Lr is detected
and aligned with rightmost lane marking Rr in road shape prior, and only the
rightmost lane marking result is solid line.

is then improved to the accuracy level of lane marking results,
which is usually in centimeter-level. With the calibration by the
adjusted GPS position fix, the vehicle position estimated by
lane marking results is global, and with a bounded error. The
updated global position of vehicle is then used to provide an
accurate road shape prior in the next time step.

Due to the limited view angle and resolution of a camera,
detecting both the leftmost and rightmost lane marking Llr

cannot always be realized. Thus we divided the drift estimation
in two cases, and explain how the detected lane markings are
matched with the road shape prior under different situations.
In case 1, both the leftmost and rightmost lane markings are
detected, as shown in Fig. 8(a)–(c), the whole road shape prior
Rlr is matched with both the leftmost and rightmost detected
lane marking Llr. In case 2, only one of the side most lane
marking is detected, as shown in Fig. 8(d) and (e), Rl (Rr)
is only matched with Ll (Lr). Case 1 is normally applied for
road with no more than 3 lanes, while case 2 is suitable for
road with more than 4 lanes. As the leftmost and rightmost lane
markings in the road map are solid lines, only the solid lane
marking results are used to match with them.

The image sequence, as shown Fig. 9 illustrates a complete
procedure of GPS drift estimation. The GPS drift is not esti-
mated at beginning because the lane marking detection is not
stable, as shown in Fig. 9(a) and (b). Then the GPS drift is
continuously and independently estimated and updated when
the lane markings detection becomes stable and all the lane
markings are detected, as shown in Fig. 9(c)–(f). A counter on
the validity of lane marking detection is used to measure if the

Fig. 9. A complete procedure of estimating and updating GPS drift. (a) The
GPS drift is not corrected, and a counter C on the frames of validated lane
marking results is triggered. (b) The GPS drift is not corrected, and the counter
C increases. (c) The valid lane marking results are used to estimate the current
GPS drift, and the estimated GPS drift is used to refine the road shape prior.
(d) The GPS drift is updated when the vehicle is driving close to the obstacle.
(e) The GPS drift is updated when the vehicle is beginning to overtake the
obstacle. (f) The GPS drift is updated again when the vehicle finishes the
overtaking.

Fig. 10. Example of completing the validated lane marking results. (a) The
final completed lane marking results, with the estimated drift highlighted in
green. (b) The lane markings in further range are not detected due to the bad
illumination. (c) The light blue points present the leftmost lane marking in road
shape prior, and the yellows present the rightmost lane marking in road shape
prior, the detected lane marking results are kept after the shape registration.
(d) The undetected lane markings are completed by using road shape prior, as
shown in the red dashed rectangle.

lane marking detection is stable or not, and only the stable lane
marking results are used to estimate the GPS drift.

It should be noted that the shape registration can reliably
estimate the lateral drift, while the longitudinal drift can only
be estimated when a curved road appears. To overcome this
limitation, we choose to adopt the longitudinal localization
refinement only when the road shape prior indicates that a
curved lane occurs. A Douglas-Peucker algorithm [27], [28] for
simplification on prior is applied to measure the curvature.

C. Completing the Lane Marking Results

In case the detected lane marking results in current time step
are valid after a successful shape registration, the previous esti-
mated drift is updated, and all the valid lane marking results are



This article has been accepted for inclusion in a future issue of this journal. Content is final as presented, with the exception of pagination.

8 IEEE TRANSACTIONS ON INTELLIGENT TRANSPORTATION SYSTEMS

TABLE II
HARDWARE IMPLEMENTATION OF THE PROPOSED

LOCALIZATION SYSTEM

TABLE III
SOFTWARE IMPLEMENTATION OF THE PROPOSED LOCALIZATION SYSTEM

Fig. 11. Lane marking results in three real urban traffic scenes. (a) Curved lane.
(b) Lane blocked by obstacles. (c) Challenging illumination.

then fused with the road shape prior, resulting in a completed
multi-lane information, as shown in Fig. 10.

The cross validation between the GPS based road shape
prior and the detected lane marking results not only improves
accuracy of the localization of the vehicle, but also enhances
the robustness of the positioning, since the GPS position fixes
can be refined by aligning with detected lane marking results
when the GPS suffers from frequent satellite signal masking
or blockage. Then the lane level localization is achieved by

TABLE IV
MEAN ABSOLUTE ERROR ANALYSIS OF LANE MARKING DETECTION

ACCURACY AGAINST GROUND TRUTH

Fig. 12. Drifts estimated in different urban environments. In the IPM image,
dashed line in light blue denotes the leftmost lane marking of the original road
shape prior, yellow one for the rightmost lane marking of the original road shape
prior, dark blue one for the leftmost lane marking of the refined road shape prior,
and red one for the rightmost lane marking of the refined road shape prior.
(a) Case-1: a 2-lane road, corresponding to Fig. 8(b), both leftmost and
rightmost lane marking results are used to refine the GPS position fix.
(b) Case-1: a 3-lane road, corresponding to Fig. 8(c). (c) Case-2: the number
of lanes of the road is more than 3, corresponding to Fig. 8(d), and only the
leftmost lane marking result is used to refine the GPS position fix. (d) Case-2:
the number of lanes of the road is more than 3, corresponding to Fig. 8(e), and
only the rightmost lane marking result is used to refine the GPS position fix.

locating the vehicle respected to the road shape prior. The
lane marking results are validated or completed with the road
shape prior when lane marking detection does not work well
in adverse weather conditions or with poor quality of lane
markings. Then the refined GPS position fix is able to provide
a more accurate global localization respected to the map, while
the lane marking results can be validated with a more accurate
road shape prior in the next time step.

VII. SYSTEM IMPLEMENTATION AND EXPERIMENTS

ON ROBOTIC CAR

In this section, we present both the hardware and software
implementations of the proposed system. Tests in different real
outdoor environments are also demonstrated, together with a
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Fig. 13. Results of the cross validation in different urban environments.
(a) Completed lane marking results when the illumination varies drastically.
(b) Completed lane marking results in case of occlusion. (c) Results in a road
with 2 lanes. (d) Results in curved lanes. (e) Results in night time. (f) Completed
lane marking results in intersection.

detailed analysis of the system’s performance during Kuafu’s
participation in Future Challenge.

A. Hardware and Software Implementations

The hardware implementation and software implementation
of the proposed system are summarized in Tables II and III,
respectively.

Multithread programming is employed to reach the real-time
implementation of system. Thread 1 consists of lane marking
detection and cross validation, thread 2 performs the global
localization. The overall system can run in 20 HZ per second,
which satisfies the real-time requirements of vehicle-based
system.

B. Performance of the Lane Marking Detection

This section presents experimental results of lane marking
detection algorithm which integrates image processing with an
IMU. The lane marking detection algorithm has been exten-
sively evaluated in the past five years, in different urban traffic
scenes including city road, campus, highway, etc., with clear or

Fig. 14. GPS drifts estimated during the route of Future Challenge 2013.

blurred, white or yellow, single or multiple lane marking, etc.,
at different time including midday, nightfall, etc., at different
weather conditions including lane keeping, changing lane, etc.
Fig. 11 shows the lane marking results in several challenging
traffic scenes.

The accuracy of the lane marking detection is also evaluated.
Experimental results are from the log data of the vehicle au-
tonomous driving in Ordos, a city of Inner Mongolia, where
the FC2011 contest was held. We have chosen key images
every 10 frames while autonomous driving along the route.
We manually labeled lane markings in 561 images as the
ground truth. The mean absolute error between ground truth
and corresponding lane marking results is computed at different
visual ranges, as shown in Table IV. The mean absolute error of
the lane marking detection accuracy is about 3 pixels, which
has been calculated in the image after IPM. With the camera
used in the vehicle, one pixel error in the IPM image equals
to 5 centimeters, and thus we can achieve an accuracy in
about 15 cm.

C. Performance of the Cross Validation

In this section, we evaluate the performance of the cross
validation scheme. With the output of the shape registration
algorithm, the GPS position fixes of the road boundaries are re-
fined to align with the detected lane marking results. Moreover,
the cross validation procedure also adopts the previous refined
road shape prior to generate virtual lane markings when the lane
marking detection algorithm cannot work well. Figs. 12 and 13
show some results.
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Fig. 15. GPS drifts estimated during the route of Future Challenge 2013,
in global ENU coordinate. Specifically, x denotes the east direction of ENU
coordinate, while y denotes the north direction of ENU coordinate.

TABLE V
STATISTICS ON ESTIMATED GPS DRIFTS

TABLE VI
STATISTICS ON ESTIMATED GPS DRIFTS BY DIFFERENT CASES

In Fig. 12, we show several cases of drifts estimated by the
shape registration algorithm, corresponding to Fig. 8. Fig. 13
shows some results of the cross validation in different urban en-
vironments including daytime, nighttime, and other situations.

To evaluate the accuracy and robustness of the localization
method, we analyze results of the cross validation in FC2013
contest, held in Changshu, China. The length of the route
is about 5 km. They can mainly divided into two different
situations by the drifts are corrected or not. Those estimated
drifts are computed by different cases, as shown in Fig. 8. If
the current time step doesn’t satisfy the condition for updating
drifts, a previous estimated drift is then used if the drift is
still valid in the fixed interval. We call this situation as “Drift
Maintained,” as the green route shown in Fig. 14. Please note

Fig. 16. Lane marking detection is switched off during hilly area. (a) The
float road surface is still satisfied, the lane marking detection works normally,
outputting the lane marking results, and after the cross validation, the GPS
position fix is refined, and the estimated drift is valid for 60 seconds. (b) The
vehicle is driving on a bridge, where the road surface is curved. We switched
off the lane marking detection in this area, as the flat road surface assumption
is invalid, as shown in the second sub image. We then first use the latest
estimated GPS drift to refine the road shape prior, then split them into virtual
lane markings, as shown in the third sub image. The latest GPS drift has already
been used for 14 seconds when passing the bridge, and 46 seconds validity of
the estimated GPS drift to refine the road shape prior still remain.

that the cross validation doesn’t work for the intersection, as
there is no lane marking detection. The corresponding esti-
mated drifts in global coordinate are respectively, as shown
in Fig. 15.

The detailed statistic of the contest is shown in Tables V and
VI. It clearly shows that the cross validation works well almost
all the time of the whole autonomous driving trip.

D. Failures and Limitations of the Proposed Method

The proposed system works well in most of the cases under
our assumptions. However there are still some cases that the
system cannot handle or they violates the basic assumptions.
Some typical scenes are discussed below.

The Inverse Perspective Mapping in the lane marking detec-
tion algorithm assumes the flat road surface, and the accurate
camera calibration. This assumption can be satisfied in most
places of urban environments. Two source of errors can be
introduced in the IPM: 1) the camera pitch changes due to
the vibration of vehicle, and 2) the non-flat road surface. A
tri-line calibration method [20] is used to compensate for the
pitch vibrations. Fig. 16 shows an example when the vehicle
is driving across a hilly area, where the flat road surface
assumption is violated. In the current version of the system,
the lane marking detection algorithm is switched off when the
vehicle is approaching the hill, and the refined road shape prior
is split into virtual lane marking results.
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Fig. 17. Failure case caused by errors in road map. (a) False virtual lane
marking results are generated by the road shape prior, causing the vehicle
shifting to left. (b) The accurate road shape prior is merged with lane marking
results.

The errors in road map may result in failure cases. Fig. 17 is
one failure case of the errors contained in road shape prior
during Future Challenge 2013. In Fig. 17(a), the lane marking
results fail in the geometric consistency check by the inaccurate
road shape prior. Then the virtual lane markings are generated
using the inaccurate road shape prior. Due to the inaccuracy
in road shape prior, the generated virtual lane marking results
shift from the actual positions, and present a road with higher
curvature. The vehicle shifts to left due to inertia as the control
system fails to track the virtual higher curvature lane marking
results. Fig. 17(b) shows the detection of the same place,
indicated by the same poles at sideways. After the updating
and manual labeling of road map, the local road shape prior
matches the real road precisely. The final lane marking results
are merged with real lane marking results and road shape prior,
and stay exactly on their actual positions, presenting a road with
lower curvature. The control system is able to track with this
lower curvature lane marking results, and drive in the middle of
the lane.

VIII. CONCLUSION AND FUTURE WORK

This paper presents an approach to real-time global local-
ization of robotic cars in urban environments. By exploiting
the lane marking detection and shape registration algorithm,
we have achieved localization of road vehicle in urban envi-
ronments in centimeter-level. Test results are encouraging, and
show the efficacy and robustness of the proposed method.

The main novelty and contribution of this paper is the shape
registration between the detected lane marking results and a
GPS based road shape prior. The false lane marking results can
be validated and corrected by the geometry consistency check
between lane marking results and road shape prior. The drift

in the GPS position fixes can also be refined by the translation
computed in the shape registration. The global localization can
then be improved to the same accuracy as the lane marking
results.

The future work is embedding discriminable visual features
into the road map. These visual features mainly have three
usages. First, they can be used as a powerful supplements for
improving the estimation of longitudinal drifts which cannot al-
ways be realized by straight lane marking results. Second, these
features can also be used for global localization, especially
when the GNSS is in outage for a long time. Third, the refine-
ment of position can also be realized with these features when
vehicle is driving at the intersection area or through a hill where
the normal lane marking detection has no outputs or fails in de-
tection. We strongly believe the incorporation of visual features
with lane markings can improve the current system, and expand
its applications into more adverse challenging scenes.
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