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Abstract—To achieve precise localization for autonomous
vehicles and mitigate the problem of accumulated drift
error in odometry, this paper proposes L-VIWO, a Visual-
Inertial-Wheel Odometry based on lane lines. This method
effectively utilizes the lateral constraints provided by lane
lines to eliminate and relieve the incrementally accumulated
pose errors. Firstly, we introduce a lane line tracking method
that enables multi-frame tracking of the same lane line,
thereby obtaining multi-frame data of a lane line. Then, we
utilize multi-frame data of the lane lines and the curvature
characteristics of adjacent lane lines to optimize the positions
of the lane line sample points, thus building a reliable lane line
map. Finally, we use the built local lane line map to correct
the position of the vehicle. Based on the corrected position and
prior pose from the odometry, we build a graph optimization
model to optimize the pose of the vehicle. Through localization
experiments on the KAIST dataset, it has been demonstrated
that the proposed method effectively enhances the localization
accuracy of odometry, thus confirming the effectiveness of the
method.

Index Terms: Visual-inertial-wheel odometry, lane lines,
factor graph optimization.

I. INTRODUCTION

With the continuous development of autonomous driving
technology, localization technology has received extensive
research as a critical technology for autonomous vehicles
(AVs). Visual-inertial odometry (VIO) has garnered signifi-
cant attention due to its low-cost advantages, such as ORB-
SLAM3 [1] and VINS-Fusion [2]. However, there are spe-
cific issues when deploying VIO in AVs. For example, [3] has
demonstrated that scale is unobservable for VIO when the ve-
hicle moves with constant local linear acceleration. It has also
been shown that the degradation of scale can be eliminated
by incorporating wheel encoders. Therefore, Visual-Inertial-
Wheel Odometry (VIWO) has been extensively studied [4]—
[7]. This paper adopts VIWO as the fundamental framework
for ease of application in AVs.

The introduction of wheel encoders can effectively im-
prove the localization accuracy of VIO, but uncertainties in
the environment and sensors can still introduce errors. For
example, abrupt illumination changes or interference from
dynamic objects can bring about errors in feature matching,
resulting in pose estimation errors. Although these errors
may not be very noticeable between adjacent frames, they
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still cannot be ignored when accumulated over a long time.
The introduction of GNSS can effectively reduce cumulative
errors [8]-[13], but GNSS signals can be highly unreliable
in occlusion and multipath conditions.

Most of the operating scenarios for AVs are urban road
scenarios. Road signs, as prominent features, can provide a
stable constraint to reduce localization errors. For example,
[14] proposed a joint Bundle Adjustment (BA) method that
utilizes road signs to improve the localization accuracy of
visual odometry effectively. However, the constraint effect of
road surface signs was not considered. [15]-[17] located AVs
by matching detected road signs with a high-precision prior
road sign map. Associating high-precision prior information
with the vehicle’s environmental perception to reduce the cu-
mulative drift error of the odometry. However, these methods
still rely on high-precision odometry to provide prior poses
during the map building.

In this paper, considering that lane lines are long-term
and stable features, we propose L-VIWO, a Visual-Inertial-
Wheel Odometry based on lane lines. This method utilizes
the lateral constraint information from lane lines to correct
the position of the vehicle and achieve pose optimization, ef-
fectively mitigating the accumulated drift issue of odometry.
Additionally, as this paper aims to enhance the localization
accuracy of odometry, the method performs lane line map
building and pose optimization simultaneously without the
need to build a prior map in advance. The main contributions
of this paper are as follows:

e A method for lane line tracking and lane line map
building. Without the need for a specific detection
network, this method leverages the characteristics of
lane lines to optimize the positions of lane line sample
points, resulting in a reliable lane line map.

« A pose optimization method based on the lane line map
that leverages the lateral constraints of lane lines to
relieve accumulated errors in odometry.

o Localization and ablation experiments were conducted
on a general dataset to validate the effectiveness of the
proposed method.

II. RELATED WORKS
A. Visual SLAM

In recent years, vision-based localization systems have
flourished. The most representative frameworks are ORB-
SLAM [1] [18] [19] and VINS [2] [20]. ORB-SLAM3 [1]
relies on a multi-map system and can run stably even when
visual information is poor for a long time. VINS-Mono
[20] is a robust and accurate VIO system. VINS-Fusion [2]
extends upon it to support binocular and GPS data fusion.
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Wu et al. [3] proved that the VIO system has additional
observability degradation in constant acceleration or speed
movement, such as the scale being unobservable. They also
demonstrated that scale degradation could be eliminated by
using wheel encoders. Liu et al. [21] proposed a tightly cou-
pled VIWO, which integrates IMU and wheel encoder data
during the pre-integration stage. Then, the team proposed
a bidirectional trajectory computation method [22], solving
the problem of the unobservability of accelerometer bias and
extrinsic parameters before the first turn. Lee et al. [23]
developed a VIWO system based on MSCKEF, which supports
online calibration of external parameters. Zhang et al. [24]
proposed a ground robot pose estimation method based on
motion manifolds. This method utilizes wheel encoders to
perform motion manifold-based 6-DOF integration and fuses
the data with a monocular camera.

Cao et al. [8] proposed a nonlinear optimization-based sys-
tem (GVINS) to fuse GNSS raw measurements with visual
and inertial data tightly. Xiao et al. [9] proposed a tightly-
coupled INS-centric GNSS-visual-inertial navigation system
(IC-GVINS), which demonstrated excellent robustness and
accuracy in complex environments.

B. Localization Methods based on Road Feature

With the continuous development of various detection
networks, road feature-based localization methods have been
widely used in AVs. Qin et al. [25] used robust semantic
features to build maps and locate vehicles in parking lots,
achieving centimeter-level localization. [16] extended this
method to outdoor urban scenes and proposed a crowd-
sourced mapping scheme. However, the mapping part of
these two methods only involves simple concatenation of
semantic point clouds without considering the structural
features of the signs. Cheng et al. [26] used specially trained
detection networks to extract critical point information from
road signs and build compact semantic maps, effectively
utilizing the structural features of the road signs. Wang et al.
[17] proposed an accurate and robust localization algorithm
based on visual semantic features and a lightweight HD map.
They also introduced a robust data association method to
solve the ambiguity caused by similar sign features. Zhou
et al. [15] built an instance-level semantic road landmark
map and considered the uncertainty of the IPM model during
mapping and localization. [14] proposed a joint BA method
based on traffic signs, effectively improving the localization
accuracy of visual odometry.

III. SYSTEM OVERVIEW

L-VIWO is mainly composed of five parts, as shown in
Fig. 1. The first part performs lane line detection and track-
ing, providing multi-frame lane line data for map building.
The second part calculates the lateral distance between the
vehicle and the right lane line for each image frame, which
is used for subsequent position correction. The third part
is the VIWO, which provides a prior pose for the system.
The fourth part optimizes the positions of the lane line
sample points to build a reliable lane line map. The fifth
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Fig. 1. An overview of L-VIWO. The lane line detection and VIWO run
in parallel. After obtaining the prior pose from odometry and lane line
detection results, lane line tracking, sample point position optimization, and
lateral distance estimation are performed. The pose optimization is executed
after detecting a lane change, ensuring the accuracy of the utilized lane line
map.

part combines the lane line map and lateral distance to
obtain the corrected vehicle position. It uses the corrected
position and prior pose from odometry to build a pose graph
optimization model, achieving pose optimization. The lane
line detection and VIWO run in parallel, and the remaining
part is performed after both are completed.

1V. METHODOLOGY
A. Lane Detection and Representation

In this paper, we choose the lane line detection network
LaneATT [27] to extract lane lines, which can achieve a
maximum speed of 250FPS. At the same time, this network
runs in parallel with odometry, further ensuring the system’s
real-time performance.

Unlike [26], which requires a specialized training detection
network for keypoint extraction of road signs, this paper only
uses simple sample points to represent lane lines, avoiding
the system’s dependence on a specialized detection network.
The pixel coordinates of the sample points are provided by
the detection network. The lane lines are represented as L =
{id;,M = (I',1>---1™) }, where id; is the ID of the lane line,
and M is the collection of sample point information in the
detection frames. I"™ = {id.,P = (p},,p% - p)} represents
a lane line in an image frame, where id, is the frame number
of the image, and P is the collection of world coordinates of
the lane line sample points.

B. Lane Line Tracking

To make full use of the continuity of lane lines and build
a reliable lane line map, we need to track the detected lane
lines in each frame to obtain multiple frame data for the
same lane line. The lane lines detected in the current frame
are denoted as Linep, and the tracked lane lines in historical
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frames are denoted as Liner. Let the current frame be the k
frame. The process of lane line tracking is shown in Fig. 2,
and the detailed steps are as follows:

Step 1: Generate masks for Linep based on the position of
the lane line sample points. Then, for the Liner observed in
the k— 1 frame, use the prior pose provided by the odometry
to predict their positions in the current frame image and
generate the masks.

Step 2: Calculate the 2D-IOU between two sets of masks:

maskyy \mask

10U/ = (1)

maskly Umask,
where i and j are the lane line IDs for Linep and Liner
respectively. The values of union and intersection are deter-
mined by the number of pixels in the corresponding region
masks.

Step 3: Build the cost matrix for the Hungarian algorithm
based on 2D-IOU:

cost 11 costl2 costy
1 2 n
cost cost. Ccost.
Cost = 2 2 2 (2)
1 2 n
cost,, costy costy,

where m and n are the total number of lane lines in Linep
and Liner respectively. Since the minimum cost Hungarian
algorithm is used in this paper, the cost value is calculated
as follows: ' '

cost! =1—10U/ (3)

After obtaining the cost matrix, the Hungarian algorithm
is used to match the lane lines, and assignments with IOU
values below the specified threshold are considered invalid.
Step 4: If there are matching failures, continue to match
them with the unpaired Liner detected within the 100 frames.
Assign a new ID to the still unmatched Linep.

The reason we initially match with the Liner observed in
the k— 1 frame is that the lane lines observed in consec-
utive frames are basically the same set of lane lines. This
helps improve tracking accuracy and reduce computational
demands.

In particular, we found that when the vehicle undergoes
large pitch angle changes, it causes significant position
changes of the lane lines in the image, resulting in tracking
failures. Therefore, when a substantial fluctuation in the
vehicle’s pitch angle is detected, the width of the mask
will be increased, and the specified IOU threshold will be
lowered during the tracking stage to ensure the accuracy of
the tracking.

After tracking, matched lane line information is stored in
the corresponding container L. For new observed lane lines,
a new container is created to store their information. At
the same time, we use the IPM model [28] to project the
lane line sample points in the current frame onto the vehicle
coordinate and use a cubic curve to fit the lane lines. Then,
we draw a perpendicular line from the vehicle coordinate
origin to the right lane line, and the distance between the
origin and the perpendicular point is the lateral distance of
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Fig. 2. The process of lane line tracking. The suffixes “P” and “C” represent
the previous frame and current frame. “Predict” means predicting the
position of the tracked lane lines in the current frame image.

the vehicle relative to the lane line, denoted as dis;,. The ID
of the right lane line is also recorded. The dis; and the ID
will be used in the pose optimization part.

C. Building of Lane Line Map

After lane line tracking, the lane line map can be built
using the lane line data from multiple frames. However,
directly concatenating the multi-frame data, as done in [16]
[25], would introduce odometry errors into the map build-
ing. Therefore, we utilize the repetitively observed regions
between adjacent frames to optimize the position of sample
points to build a relatively accurate lane line map.

First, the scale of the lane line sample points in the
current frame is restored using the IPM model, obtaining
their positions in the vehicle coordinate: [X‘f, Yl O] T, where
X and Y; are provided by the IPM model. The plane formed
by the X-axis and Y-axis in the vehicle coordinate is the
ground plane, and the origin is located directly below the
camera’s optical center. Since the depth recovery accuracy
of the IPM model attenuates with increasing distance, this
paper selects a rectangular region of 13m X 7m in front of the
vehicle as the region of interest (ROI), and lane line sample
points not within the ROI will be discarded.

The historical frame sample points of the lane line are
transformed from the world coordinate into the current frame
vehicle coordinate based on the prior pose output by the
odometry:

P=T'T""'P, (4)
where P, = [xw, Vs Zws I]T and P, = [xw Vs Zys 1]T are
the homogeneous coordinates of the sample points in world
and vehicle coordinates. T} is the vehicle pose. 7} is the
external matrix of the IMU concerning the vehicle coordinate
origin. Currently, both the historical and current sample
points are in the vehicle coordinate system of the current
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Fig. 3. The process of correcting the position of the lane line sample points.
(a) and (c) show the positions of sample points before and after correction.
(b) shows how to calculate the corrected positions of the sample points.
The blue circle is the current frame sample points, the green circle is the
historical frame sample points, the red circle is the new observed sample
points, and the yellow circle is the repeated observed sample points.

frame, as shown in Fig. 3(a). It can be observed that the
sample points of the current frame deviate from the curve
formed by the sample points of the historical frames. Next,
we use the repeated observation area to correct the position
of the sample points.

Since this paper only considers lateral pose errors, we
draw a perpendicular line from the current frame sample
point to the lane line composed of the historical frame
sample points. If the intersection point is not within the range
of sample points from historical frames, it is considered a
new observed point. Considering the error in scale recovery,
intersection points within a distance of less than 2m from
the range boundary are also considered new observed points.
This process is illustrated in Fig. 3(b). The perpendicular
point is taken as the corrected position for repeated observed
sample points. For new observed sample points, the follow-
ing method is used for correction:

v X, a aj ap
YV = || 4o |bi|+o|b|++0y |[ba| (5)
zZ, 0 c1 c) Cn
xi
oj=1-——— (6)
Yi—oXy

where [X,, Y, O]T and [X,/, Y/, Z/ ]T are the position of
the sample point before and after correction. [an, by, cn]T
is the translation vector from the repeated observed sample
point to the corrected position. Considering that the scale
recovery accuracy of the IPM model decreases with distance,
weights ; are set. X/ is the X-axis coordinate of the repeated
observed sample point in the vehicle coordinate. A larger
value of X/ indicates a larger distance from the vehicle,
resulting in a smaller value of ;. The effect after correction
is shown in Fig. 3(c).

In particular, to reduce the impact of IPM model errors, we
utilize the characteristic of the same curvature of lane lines
on both sides of the vehicle to correct the lane lines that are
further away. The far and near lane lines are denoted as Line

(a) (b)

Fig. 4. The effect of sample point position correction. (a) and (b) represent
the lane line maps before and after correction. These maps were built from
the first 600 frames of the KAIST urban38 sequence.
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Fig. 5. The process of pose correction is based on lane lines. I is the prior
position of odometry; II is the projection point of the vehicle on the lane
line; IIT is the candidate correction position; IV is the corrected position of
the vehicle; V is the lateral distance of the vehicle relative to the lane line.

and Line,. First, we fix the position of the closest sample
point in Liney relative to the vehicle and project this point
onto Line, while recording the translation vector [a;, bl]T.
Then, we project the remaining sample points in Liney onto
Line,, and correct them using the aforementioned translation

vector: ,

x| |x a

b= -
where |x;, yt]T is the position of the projected point, and
[x/, y]" is the position of the corrected sample point. The
z-coordinate of both lane lines’ sample points is 0, and no
correction is applied. It should be noted that this paper only
corrects the lane lines on both sides of the vehicle. And, if
the lane lines on both sides of the vehicle have significantly
different curvatures, their extensions are considered different,
and no corrections are made.

Subsequently, the corrected sample points are transformed
from vehicle coordinates to world coordinates based on the
prior pose from odometry, thus building an accurate lane
line map. The lane line maps before and after correction are
shown in Fig. 4. After optimizing the positions of the sample

points, the lane line map exhibits enhanced continuity and
effectively reduces mapping errors.

(7)

D. Pose Optimization based on Lane Lines

When detecting lane changes by vehicle, we utilize the
vehicle’s lateral distance and lane line map for pose opti-
mization. First, we utilize fourth-order curves to fit the lane
lines. Next, we draw a perpendicular line from the prior
position of the vehicle obtained from the odometry towards
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Fig. 7. The ground truth and the estimated trajectories of L-VIWO on
KAIST dataset.

the corresponding lane line and determine the corresponding
intersection point. Then, along the perpendicular line, we
search for positions that are at a distance equal to dis;, from
the intersection point. We select the position on the left side
of the lane line as the corrected position of the vehicle. The
process of position correction is shown in Fig. 5.

Next, we build a pose graph optimization model using the
corrected positions and the prior poses from odometry, as
shown in Fig. 6. The red nodes are the corrected positions.
The blue nodes are the state variables to be optimized.
The yellow boxes denote the constraints provided by the
corrected positions. It should be noted that we consider
the pose transformations between adjacent frames outputted
by the odometry to be relatively accurate. If the positional
changes between the adjacent frames after correction deviate
significantly from the positional changes from the odometry,
the constraint is not introduced. The green boxes denote
the constraints provided by the prior poses from odometry.
The overall objective function and the residual factors are as
follows:

x*:argn}én{ ) HOUHZ-&- ) |Li||2} (8)
(el

(i,j)EO

@) e — (@) Pk - ph

0"‘{ (@) ¢ © (d) 14 } ®)
L= Pé(,- —pi (10)

where ) = [xo, X1,---, X, is the optimization variable.
x; = [q}, pl] is the 6-DOF pose of the vehicle. O is the
set of poses from VIWO, and L is the set of corrected
positions based on lane lines. O;; is the residual function

TABLE 1
COMPARISON OF TRAJECTORY ACCURACY ON KAIST (RMSE ATE IN
M). BEST IN BOLD.

KAIST-urban [22] [21] [24] [5] [30] [1] L-VIWO

26(4.0km) 120 119 148 16.1 328 7.3 3.9
28(11.5km) 154 27.8 25.0 33.1 347 123 74
38(11.4km) 11.8 16.0 33.5 43.0 555 329 6.8
39(11.0km) 7.5 80 213 240 334 156 6.2

TABLE 11
COMPARISON OF LOCALIZATION ACCURACY BETWEEN VIWO AND
L-VIWO oN KAIST (RMSE ATE IN M). BEST IN BOLD.

Method kaist-26 kaist-28 kaist-35 kaist-36 kaist-38 kaist-39

VIWO 4.08 7.97 8.67 49.53 7.72 7.32
L-VIWO 3.85 7.44 8.06 45.94 6.79 6.19

for inter-frame relative poses, where the first row is the
error in relative position, and the second row is the error
in relative rotation. (g7, p7) and (¢4, p%) are the position
and orientation from odometry. L; is the residual function
constructed using the corrected position based on lane lines,
and pé(l_ is the corrected position obtained using the lateral
distance of the vehicle. Pose optimization based on lane lines
can be achieved by utilizing the pose graph optimization
model.

V. EVALUATION

In order to validate the effectiveness of the proposed
method, we evaluated it on the KAIST Complex Urban
Dataset [29]. The proposed method uses the left camera,
one IMU, and one wheel encoder. The captured images,
IMU measurements, and wheel encoder measurements have
frequencies of 10 Hz, 100 Hz, and 100 Hz, respectively. In
our experiments, the LaneATT lane line detection network
was trained on an NVIDIA GeForce RTX 3080 10 GB GPU.
All experiments were conducted on a laptop with an Intel(R)
Core(TM) i7-10870H CPU @ 2.20GHz, 16GB RAM, and an
NVIDIA GeForce RTX 3060 6GB GPU.

A. Pose Estimation Performance

The localization experiments in this paper were conducted
on the urban26, urban28, urban38, and urban39 sequences of
the KAIST dataset. The root mean square error (RMSE),
which is the absolute trajectory error (ATE) after 6-DoF
trajectory alignment, is adopted for comparison in our ex-
periments. In addition to the proposed L-VIWO algorithm,
the evaluated algorithms included VIWO [5], [21], [22],
[24], VIO [30], and VO [1]. ORB-SLAMS3 [1] using the
stereo camera. The experimental results of [5], [21], [22],
[24], [30] were provided by [22]. All the algorithms are
evaluated without performing loop closure. The experimental
results are shown in Table I. It can be observed that the
proposed method in this paper achieves significantly better
localization accuracy compared to other algorithms in the
four sequences. Fig. 7 shows the estimated trajectories of
L-VIWO in urban26 and urban38.
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TABLE 1II
RESULTS OF ABLATION EXPERIMENT I (RMSE ATE IN M).

Method kaist-26 kaist-28 kaist-35 kaist-36 kaist-38 kaist-39

w/o ALB  4.15 7.73 8.41 49.03 747 7.31
w/o A 4.08 7.54 8.35 48.63 7.46 7.29
w/o B 3.87 7.45 8.13 46.57 6.87 6.50

L-VIWO 3.85 7.44 8.06 45.94 6.79 6.19

Note: L-VIWO represents the complete system. “A” represents
the correction method based on multi-frame data of lane lines,
and “B” represents the correction method based on left-right
lane line curvature constraint. “w/0” stands for removing the
corresponding method.

TABLE IV
RESULTS OF ABLATION EXPERIMENT II (RMSE ATE IN M).

Method  kaist-26 kaist-28 kaist-35 kaist-36 kaist-38 kaist-39

w/o P 4.08 7.71 825 4682 746 6.27
L-VIWO 3.85 7.44 8.06 4594 6.79 6.19

Note: “P” represents using the degree of change in corrected
position to determine whether to introduce lane line constraints.

Additionally, to further validate the effectiveness of the
method, we conducted localization experiments on the
KAIST dataset using the VIWO algorithm employed in this
paper. The results are shown in Table II. It can be observed
that the introduction of lane line constraints resulted in a sub-
stantial improvement in the system’s localization accuracy.
In particular, it achieves a 13% and 15% improvement in the
urban38 and urban39 sequences, respectively.

B. Ablation Study

In the process of lane map building, we utilize multiple
frame data of the same lane line and left-right lane line curva-
ture constraints to correct the positions of sample points. To
observe the effectiveness of these two correction methods, we
conducted an ablation study. The corresponding correction
methods were removed, and localization experiments were
conducted again on the KAIST dataset. The results are
shown in Table III. It can be observed that regardless of
removing any correction method, the localization accuracy
of the system will decrease. Especially in urban26, the
localization accuracy of L-VIWO without the two correction
methods is even lower than VIWO. The result demonstrates
that the correction methods used in this paper contribute to
improving the localization accuracy of the system.

Furthermore, in the pose graph optimization process, we
determine whether to introduce lane line constraints by
comparing position changes after correction with odometry-
estimated changes. We removed this judgment process and
conducted the localization experiments again, as shown in
Table IV. It can be observed that not including this judg-
ment process leads to a decrease in localization accuracy,
demonstrating the effectiveness of the method.

C. Method Universality Testing

To further validate the universality and effectiveness of
the proposed method, we incorporate the pose optimization

TABLE V
RESULTS OF UNIVERSALITY EXPERIMENTS (RMSE ATE IN M).
Method kaist-26  kaist-28  kaist-38  kaist-39
VINS-Fusion 20.92 24.33 51.21 32.83
L-VINS-Fusion 20.14 23.31 48.27 30.72
ORB-SLAM3 7.34 12.31 32.93 15.58
L-ORB-SLAM3 6.98 11.58 30.47 14.19

Note: “L” represents the introduction of lane line constraints. All
the algorithms are evaluated without performing loop closure.

TABLE VI
AVERAGE RUN-TIME OF RACH MODULE.

Lane line
optimization

0.96ms

Lane line
tracking

2.45ms

Lane line
detection

31.69ms

Odometry System

70.26ms 74.32ms

Note: All results are the average of 30 experimental results in
the KAIST dataset.

method into VINS-Fusion [2] and ORB-SLAM3 [1] and ob-
serve the improvement effect in localization accuracy. VINS-
Fusion using the stereo camera and IMU. ORB-SLAM3
using the stereo camera. The results are shown in Table V. It
can be observed that by incorporating lane line constraints,
both algorithms demonstrate improved localization accuracy
across four sequences. The result demonstrates that the pro-
posed pose optimization method is equally applicable to both
VIO and VO, highlighting its universality and effectiveness.

D. Time Analysis

To test the real-time performance of the system, we
conducted time-consuming tests on each part of the system,
and the results are shown in Table VI. It should be noted that
the pose graph optimization based on lane lines will only
be performed when a lane change is detected. It processes
multiple frames of data together and runs in parallel with
the system. Therefore, its impact was only considered within
the overall system timing, and no separate time testing was
conducted for it.

The odometry part takes 70.26ms per frame, and after in-
troducing the lane line constraints, the system takes 74.32ms
per frame, only increasing by 4.06ms. At the same time, the
lane line detection part runs in parallel with the odometry
part and takes much less time than the odometry part, so it
does not affect the overall algorithm’s run time. The camera
capture rate is 10Hz, which means the system can complete
the data processing before obtaining the next frame image,
indicating that the system can run in real time.

VI. CONCLUSIONS

This paper proposes L-VIWO, a Visual-Inertial-Wheel
Odometry based on lane lines, that utilizes the lateral
constraints of lane lines to reduce accumulated errors in
odometry. Localization experiments on a general dataset have
demonstrated the effectiveness of the proposed method. In
future work, we will consider constraints from other road
signs to improve our system further.
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