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LMC-VIO: Lane Model-Constrained Monocular Inertial Visual
SLAM for High-Precision Localization in Highway Scenes
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Abstract—Continuous stability, as one of the core modules
of the autopilot system, is particularly important for its per-
formance. However, as the vehicle speed increases, the system
positioning error may be amplified, consequently introducing
deviations in the positioning consistency of the system. The
inherent high speeds and motion constraints in highway envi-
ronments introduce new challenges for feature matching, par-
ticularly in vision-based vehicle localization, where initialization
and scale estimation biases are further expanded. Lane mark-
ings, characterized by their simple and uniform structures and
high distinctiveness from the surrounding environment, serve as
effective features for matching-based localization in autonomous
driving. This paper introduces a high-precision and robust vehicle
localization method based on lane model constraints. Initially,
leveraging lane model parameters from prior maps, we track
and model lane line detections across consecutive frames to
enhance the completeness of lane representation. The tracking
results, combined with prior map data on lane widths, are
employed to optimize scale parameters. Subsequently, real-time
detected lanes are matched with prior maps through point-map
association to constrain the vehicle’s heading angle. Finally, map
matching results are integrated into existing visual local odometry
methods to perform real-time localization optimization, thereby
improving localization performance. Experimental evaluations
conducted on a self-collected highway dataset demonstrate that
the incorporation of lane models significantly enhances system
localization accuracy.

Index Terms—Highway scenes, Lane Model-based localization,
Visual inertial odometry , Robustness improvement.

I. INTRODUCTION

HE automotive industry is currently undergoing a trans-

formation from traditional vehicles to intelligent ones.
Many vehicles are now equipped with high-precision local-
ization devices, cameras, Inertial Measurement Units(IMUs),
LiDAR(Light Detection and Ranging), and various other sen-
sors. These advanced sensing systems provide the technolog-
ical foundation for intelligent driving functionalities such as
perception, decision-making, and path planning, significantly
enhancing driving safety [1]. SLAM plays a crucial role
in the field of autonomous driving by enabling real-time
environmental mapping and vehicle localization through the
integration of cameras and other sensors, thereby facilitat-
ing high-precision autonomous navigation in complex and
dynamic environments. However, the practical performance
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of vision-based SLAM technologies in intricate urban road
scenarios still faces certain limitations. Urban road environ-
ments often exhibit relatively homogeneous structures, with
high redundancy in environmental features such as buildings
and road signs. This redundancy can lead to confusion during
the feature extraction and matching processes of Visual SLAM
systems, adversely affecting the system’s localization accuracy
and stability [2]. Most existing visual-inertial system methods
predominantly focus on indoor, urban, or suburban environ-
ments, with limited research dedicated to vehicles operating
on highways. Although visual-inertial SLAM algorithms have
achieved significant advancements on several public datasets,
their performance in actual urban road environments often
falls short, failing to meet the stringent requirements for high-
precision localization and mapping. Therefore, optimizing
SLAM technology specifically for urban road scenarios to
enhance its stability and accuracy in real-world applications
remains a critical challenge in current autonomous driving
research. Addressing this challenge is essential for the reliable
deployment of autonomous vehicles in diverse and dynamic
urban settings, ensuring both safety and efficiency in their
operations.

In recent years, map models [3]-[5] have continuously
evolved and have been widely applied. In the realm of
autonomous driving, high-precision maps enable vehicles to
achieve accurate localization [6] and stable vehicle control
in complex traffic environments by providing precise lane-
level navigation information, offering a thorough basis for
environmental perception for autonomous vehicles [7]; the ac-
curacy of this information can typically reach centimeter-level.
However, in highway scenarios, the high speed can easily lead
to image blurring, which in turn affects the accuracy of front-
end feature extraction and matching; on the other hand, in road
scenarios with repetitive features, visual inertial systems based
on feature point tracking are prone to failure. Furthermore, the
high cost of high-precision maps presents numerous challenges
for large-scale applications.

To address the aforementioned issues, this paper proposes
a lightweight method capable of achieving high-precision ve-
hicle positioning on highways. The proposed method requires
only images collected by visual sensors and measurements
from the IMU unit to achieve accurate positioning on a prior
model. By fully utilizing the lane line information provided
by SD map [8] and combining it with real-time sensor data,
this method effectively enhances vehicle positioning accuracy
in highway environments without the need for additional
equipment.
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The high-precision robust positioning method based on lane
model constraints (LMC-VIO) proposed in this paper aims to
improve the positioning accuracy and stability of autonomous
vehicles in highway environments. The method uses anchor-
based lane detection to detect and track lane line information
and combines inverse perspective transformation of camera
imaging model for cross-domain matching. The known lane
width and shape information provided by the SD map are
used to constrain the camera pose. In summary, the main
contributions of this paper are as follows.

o This paper introduces a cost-effective localization ap-
proach specifically designed for highway scenarios, en-
abling standard vehicles to achieve high localization
accuracy without the need for expensive equipment.

« We propose a novel map matching method that leverages
real-time detected lane models to perform point-map as-
sociation with known maps, thereby constraining vehicle
motion and enhancing localization reliability.

o The proposed map matching results are incorporated into
existing visual local odometry methods to facilitate real-
time localization optimization. Experimental evaluations
conducted on a self-collected highway dataset demon-
strate that our method significantly improves localization
accuracy compared to existing open-source approaches.

The remainder of this paper is organized as follows. Section

2 reviews the related work in the field; Section 3 details the
proposed high-precision localization method based on lane
model constraints; Section 4 presents the experimental results;
and Section 5 concludes the study.

II. RELATED WORK
A. Visual SLAM

Visual SLAM primarily estimates motion by continuously
capturing environmental texture information through cam-
eras, thereby achieving self-localization and map construction.
Research in the field of visual SLAM is diverse, mainly
categorized into direct matching, feature-based methods, and
hybrid approaches. Direct matching is based on the pho-
tometric invariance assumption, estimating inter-frame pose
transformations by minimizing inter-frame photometric errors,
where LSD-SLAM [9] constructs a semi-dense map using
image gradient information; however, this method is sensitive
to camera intrinsic parameters and is prone to pose loss during
rapid camera movements. DSO [10], based on accurate sparse
direct structure, utilizes a sliding window to achieve robust
pose estimation, enhancing stability in low-texture matching.
however, this method is only suitable for small scenes and
has poor robustness. Based on the classic ORB (Oriented
Brief) [11] features in computer vision, Mur-Artal et al [12]
proposed a real-time visual SLAM method that innovatively
uses three threads for localization and sparse mapping: the
tracking thread, local optimization thread, and loop thread;
however, this method incurs significant CPU performance
overhead and only supports monocular cameras. To improve
this method, they subsequently proposed ORB-SLAM?2 [13],
which not only supports monocular cameras but also stereo
and RGB-D cameras, achieving higher accuracy than ICP or

photometric errors. Building on previous work, Campos et
al [14] proposed a visual-inertial SLAM system that utilizes
IMU information to achieve robust localization and map
construction in high-speed motion scenarios. SVO [15] is one
of the representatives of hybrid methods, achieving efficient
pose estimation and map construction in small ranges by ex-
tracting FAST features and all pixels with non-zero inter-frame
gradients, however, the omission of back-end optimization and
loop closure leads to cumulative errors and difficulties in re-
localization after loss of localization.

The visual SLAM system realizes the estimation of the pose
through the observation of the environment texture, so the
problem of low robustness of the localization of weak feature
scenes caused by its own motion or feature degradation still
needs to be solved. At present, some scholars have studied the
scene with insufficient saliency of visual features, and used
edge line features to solve the problem of unstable matching
caused by insignificant point features in the scene. However,
on the one hand, in some feature degradation scenarios, it may
be difficult to extract edge lines that can effectively constrain
the pose. On the other hand, due to the decrease in the number
of features caused by the change of light, it is difficult to solve
the problem by relying on the edge line.

B. Map-Matching-Based Localization

Map-based localization is a technique that determines a
vehicle’s position by precisely matching vehicle sensor data,
such as cameras, LiDAR, and Inertial Measurement Units
(IMUs), with map data. Ma et al. [16] constructed a sparse
high-precision map containing only traffic sign locations and
key lane line features, constraining the lateral position by
matching lane detection results with lane models in the map
and constraining the longitudinal position by matching traf-
fic sign information. Schonberger et al. [17] combined the
scene’s 3D semantic information with geometric information,
utilizing high-level abstract features during localization by
constructing a local 3D semantic map, extracting descriptors,
and performing 3D-3D matching between the query map and
the database map to determine the camera pose. Li et al. [18]
uses environment semantic landmarks for position recognition
and loop closure detection. Guo et al. [19] proposes a lane-
level localization method based on the vehicle’s lateral dis-
placement and motion estimation model, aimed at calculating
the vehicle’s lateral displacement within a lane and its lateral
movement across multiple lanes. The association of semantic
features is more intuitive and clear compared to intensity or
geometric features, which helps reduce potential association
errors during the map matching process. However, the limi-
tation of this method lies in its reliance on pre-labeled high-
precision maps for semantic features. When map annotations
are incomplete, the matching performance is adversely af-
fected. Additionally, the extraction and association of semantic
features require complex algorithms and models, increasing
computational overhead and imposing high demands on real-
time performance.

To address these challenges and enable high-precision local-
ization for ordinary vehicles using standard maps, this study
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proposes a cost-effective lane model-based localization method
(LMC-VIO) leveraging prior SD maps. Vehicles equipped with
basic cameras and IMU use GNSS only for initialization, while
lane lines are extracted from camera images. Prior lane width
and shape information from SD map constrain the camera
pose, with these constraints integrated into an open-source
visual-inertial framework to enhance localization accuracy.
This approach improves lane feature recognition and camera-
based localization, enabling more precise vehicle positioning
on the road.

III. METHODOLOGY
A. Overview

The structure of the proposed LMC-VIO system is illus-
trated in Figure 1. Specifically, the proposed framework com-
prises three sub-modules: prior map-assisted parameter cal-
ibration, point-to-map matching, and vision-based optimized
localization. Firstly, the system employs a neural network
to detect, extract, and associate lane line information from
images, correlating it with lane lines in the map model.
Subsequently, the identified lane lines are modeled through
a line fitting module, and camera scale parameter calibration
is performed based on the prior lane line information provided
in the map and the camera imaging model. Following this, lane
lines from consecutive frames are modeled, and the vehicle’s
heading is constrained using lateral constraints provided by
the map. Finally, by integrating the constraints from the
first two steps as factors into the existing monocular visual-
inertial odometry system, the real-time localization accuracy is
enhanced. This integration effectively improves the system’s
ability to accurately determine the vehicle’s position on the
road.
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Fig. 1: A block diagram illustrating the full pipeline of the
LMC-VIO system

B. Prior Map-Assisted Parameter Calibration

In camera-based vehicle localization, accurate scale estima-
tion is a critical challenge in highway scenarios, as uncer-
tainties can lead to significant pose errors. To address this
issue, we propose a camera-based parameterization method
that leverages lane information from a prior map to effectively
constrain the system’s pose and thereby estimate the camera’s
scale parameter.

This study employs the CLRNet [20] network to detect
lane lines from the collected image sequences. For lane line

association and the completion of partially occluded lane
lines in images, we utilize a model-based completion strategy
described in prior work [19]. Briefly, lane lines are represented
using anchor-based geometric primitives and tracked across
frames via a Kalman filter and Hungarian matching. RANSAC
fitting, vanishing point constraints, and motion consistency are
used to suppress noise and infer missing segments, thereby
enhancing the continuity and robustness of lane line represen-
tation.

The coordinate systems involved in this study include the
image coordinate system, the camera coordinate system, and
the road coordinate system, as illustrated in the figure below:

pixel coordinate

Camera

Fig. 2: Definition of coordinate systems

Here, o — zy represents the image coordinate system, O —
X Y. Z. represents the camera coordinate system, O — XY Z
represents the road coordinate system, and H denotes the
height of the camera. The origin of the camera coordinate
system coincides with the origin of the road coordinate system.
For any given point P = (X, Y, Z) in the lane space, the rela-
tionship between the road coordinates and image coordinates
can be described by the pinhole camera model:

z X
A Yy =K Rpilch Ryaw Rion Y (D
1 Z

where Riich, Ryaw, Iion are the rotation matrices cor-
responding to the three-axis angles pitch, yaw, and roll. K
is the internal reference matrix of the camera. A is the
scale parameter; and the road is assumed to be flat, i.e., Eq.
Z = —H. The rotation matrix in this paper is in the form of
roll-yaw-pitch.

We utilize Inverse Perspective Mapping to project image-
space lane lines into a top-down view for matching against a
map. By detecting the lane lines in an image, we can determine
the vanishing point from their intersection. According to [21],
this vanishing point can be utilized to calculate the initial
values of the camera’s pitch and yaw angles. The relevant
relationships are shown as follows:

Cy — U
0, = arctan <H)
fy

0, = arctan G Tl
v Jx - cos (GP)
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Where c,,c, are the center of projection of the camera
coordinates and f,, f, are the focal lengths of the camera.
0, is the camera’s pitch angle; 6, is the camera’s yaw angle.
vy, vy are the pixel coordinates of the vanishing point point.
A detailed flowchart is illustrated in Figure 3. For single-
frame interaction, we extract lane lines in the image and apply
Inverse Perspective Mapping to transform them into the ground
plane. We use the pixel positions of corresponding points on
adjacent lane lines to compute the projected lane width as a
function of the camera’s roll angle. We can compute the roll
angle by constructing a constraint relationship based on the
actual lane width or the parallelism condition. Accordingly, we
formulate an objective function to minimize the error between
the computed and the expected physical lane width, resulting
in a residual that directly constrains the roll parameter.

N-1
0’ = argmin Z (di (0,) — d;)? “)
=l

d;(i=0,1,2...) denotes the distances from the vehicle to
the adjacent lane lines on the corresponding road segments
in the SD map. The camera pose can be estimated from the
lane model and is denoted as Ry, which can be used as a
constraint factor.

o e v e o o —
e e e e o o o

Optimized Line Lane model extraction

Fig. 3: Pipeline of Parameter Calibration Optimization

Then, the camera’s scale factor can be computed based on
the actual lane width.

A:f(HaRaKapadi) (5)

C. Point-to-Map Matching

Based on the results of the camera parameter constraint
optimization model described in the previous section, we
initialize the camera pose. To ensure high consistency between
the lane model in the image and the actual road environment,
we adopt a lateral constraint method based on the prior SD
map. The workflow of this module is shown in Figure 4.
Firstly, the detected lane line sequences are transformed into
a bird’s-eye view via inverse perspective mapping, and lane
lines across consecutive frames are modeled. Subsequently,
the extracted lane points are matched with the map to further
refine the vehicle pose estimation.

After calculating the perspective-transformed points based
on the camera projection model, let the series of point

coordinates on the lane line be represented as {(x;,y;)}.
Common lane line fitting methods include parabolic curves
and cubic B-spline curves. Given that highways are mostly
straight or gently curved, linear models offer a good balance
between accuracy and efficiency, this paper adopts a linear
fitting approach to model the lane lines. Firstly, this can
further constrain the camera’s roll angle and scale using the
aforementioned formulation. Secondly, let the normal vector
of the fitted line be denoted as Vieading = (72,7 ), and the
normal vector of the lane model in the SD map be denoted as
Vipe = (n},n). Using the angle between the fitted line’s
normal vector n and the high-definition map’s lane model
normal vector n’, the loss function is defined as follows:

Vheading * Vlane

0 = argmin < arccos (6)
v =S { <|vheadmg| ' ||vlane||>}

where || Vieading || and || Viae|| are the magnitudes of the
respective normal vectors. The camera pose can be estimated
from the lane model and is denoted as qune, While the VINS-
Fusion system provides its own pose estimate, denoted as
Qwe- A residual can be constructed between them as: Ag =

Guwe @ Qs -

e

Road Model

Optimized lane

Fig. 4: Pipeline of Point-to-map matching

D. Visual Localization Optimization System

The field of visual-inertial localization boasts numerous
excellent open-source frameworks. The algorithm proposed
in this paper is based on the VINS-Fusion [22] framework,
wherein the system achieves high-precision localization by
integrating inputs from a monocular camera, an Inertial Mea-
surement Unit (IMU). Notably, GPS data is utilized solely for
the initialization of position and orientation.

Building upon the aforementioned foundation, we compre-
hensively consider multiple constraints and employ an opti-
mization algorithm to jointly optimize the existing data. The
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nonlinear optimization model used in this study is presented
as follows:

f(X) = argn;én{z <HrM (Mﬁ—hX) H2+

@)
Irr (Ri, X)|I” + |t (Pr, X)||* + Hrr (Iﬁfl’X)HQ}

In the equation, X represents the position of the vehicle,
ry (M L, X) denotes the pose transformation relationship
calculated from matching features between the (i—1)" and i
frames, r g (Ry, X) represents the result based on loop closure
detection, and rp (P}, X)) represents the result of camera pose

optimization based on all parameter constraints, r;y (I I,j_l, X)

represents the IMU constraint between adjacent keyframes.
|| - ||?> denotes the Euclidean distance.

IV. EXPERIMENT
A. Experiments on Self-Collected Dataset

1) System Setup and Datasets: To evaluate the accuracy of
the proposed LMC-VIO method, experiments were conducted
on a test vehicle using self-collected data. The experiments
utilized GNSS data collected by the high-precision on-board
integrated navigation positioning system as the groundtruth to
validate the experimental results. This equipment is capable of
synchronously acquiring image sequences and position infor-
mation during vehicle operation.The short-range camera used
operates at a frequency of 10 Hz, with a horizontal field of
view greater than 100° and a vertical field of view greater than
50°. The resolution of the captured images is 1920x1080. The
type of high-precision on-board integrated navigation system
used is the INS570D, with the IMU and GNSS operating at
frequencies of 100 Hz and 10 Hz, respectively.

The experimental equipment was mounted on an au-
tonomous vehicle. The dataset for this study was acquired
on approximately 10 km of highway in Wuhan City, Hubei
Province, encompassing multiple road segments. The prior SD
map of the experimental area is illustrated in Figure 5, where
the left image depicts the visualization results of integrating
the road network into OpenStreetMap, and the right image
presents Map visualisation in Nuscenes. The SD map utilized
in our work has an absolute accuracy of approximately 20 cm,
providing reliable geometric priors for lane-based constraints.

2) Evaluation for VIO: For the monocular visual-inertial
localization system on highways, this study conducts exper-
imental evaluations focusing on localization accuracy and
heading angle analysis. To assess the performance of the
proposed lane-level localization method, experiments are con-
ducted using data from multiple different road segments for
comparative analysis of localization accuracy.

To evaluate the generality of the proposed framework, we
conducted comparative analyses of the accuracy of different
monocular visual-inertial localization systems, including PL-
VINS, VINS-Fusion, ROVIO, and OpenVINS. Experiments
were carried out on four distinct trajectories. As presented
in Table I , our proposed method consistently demonstrated
superior performance across self-collected datasets. On high-
ways, the high vehicle speeds result in motion blur, which

increases matching errors between adjacent frames. Addi-
tionally, some visual-inertial systems require IMU data to
estimate the scale factor during initialization. However, in
challenging environments such as highways, the IMU does
not provide sufficient rotational data to accurately estimate the
scale. In our system, we first utilize GNSS data to initialize the
camera’s orientation and, in combination with a prior SD map,
initialize the camera’s scale parameters. Furthermore, during
the operational phase, map matching is employed to constrain
the camera’s orientation.

Fig. 5: Visualization of Road Network Results (a) Visual-
ization of the Road Network Structure Integrated into Open-
StreetMap (b) Map visualisation in Nuscenes

O

(d)

Fig. 6: Scenario Features Extracted Using Different Algo-
rithms on Highways (a) Vins-Fusion (b) PLVins (c) Rovio (d)
LMC-VIO

As shown in Figure 6, feature distributions in highway
environments are sparse, with most features concentrated in
roadside vegetation and few on the road surface. In VINS-
Fusion and ROVIO, point features are mainly extracted from
trees, while PL-VINS adds line features but suffers instability
at high speeds, leading to mismatches. To overcome these
limitations, our method enhances VINS-Fusion with robust
lane detection, enabling stable lane marking extraction to
improve visual-inertial odometry.

In highway scenarios, the vehicle’s high speed can cause
significant scale errors in Visual-Inertial Odometry. Moreover,
insufficient rotational motion during initialization can hinder
accurate scale estimation, adversely affecting later algorithm
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TABLE I: Comparison of Different Methods (RMSE in meters)

Seq. Length (m) Avg. Vel. (m/s) VINS-Fusion PL-VINS ROVIO LMC-VIO
01 344.91 14.55 30.34 8.00 62.90 1.44
02 356.04 15.09 18.96 6.11 44.31 1.48
03 525.89 19.85 25.90 8.65 3547 1.78
04 348.74 14.38 17.55 14.32 89.39 1.50

U PR

s

(a) Scale Error under Nearly Constant Speed

(c) Scale Error during Acceleration and Deceleration
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(b) Velocity under Nearly Constant Speed
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(d) Velocity under Acceleration and Deceleration

Fig. 7: Analysis results for different sequences.

performance. Figure 7 illustrates the scale error results of
various algorithms (Vins-Fusion, PLVins, ROVIO, and LMC-
VIO) on representative datasets. Figures 7(a) and 7(c) show
the scale errors on two datasets, while Figures 7(b) and
7(d) display the corresponding vehicle speeds. In this paper,
we employ the ratio method for analysis: for the trajectory
estimated by the VIO system, the traveled distance d; within
a certain time period is calculated, and the corresponding
traveled distance ds in the groundtruth is computed. The ratio
is determined using the following formula:

ratio = (dg — d1) /dg

When the ratio approaches 0, it indicates a more accurate
scale estimation; conversely, when the result approaches 1,
it signifies a larger scale estimation error. As shown in the
results, the scale estimation errors of Vins-Fusion and PLVins
exhibit significant fluctuations throughout the process, with
consistently large errors. ROVIO shows considerable variation
in scale estimation during the process but continuously opti-
mizes the scale in subsequent stages. In contrast, our algorithm
demonstrates strong robustness in scale estimation under high-
speed scenarios.

As illustrated in the results in Figure 8, (a) and (b)
show the differences with the groundtruth in experiments
conducted on two datasets. Existing visual-inertial algorithms
generally exhibit poor scale estimation performance in high-
speed scenarios, with the estimated trajectory length often
significantly smaller than the true trajectory length. However,
in our method, both the trajectory length and yaw angle
optimization achieved good results.

B. Experiments on NuScenes Dataset

1) Datasets Introduction: This work is also evaluated on
the NuScenes dataset [23]. It consists of 1000 driving scenes,
each 20 seconds long, collected in Boston and Singapore.
The dataset is particularly notable for its comprehensive, 360-
degree sensor suite, which includes 6 cameras, 1 LiDAR, 5
RADAR sensors, as well as IMU, GPS, and detailed map data.
The scale and sensor diversity of NuScenes make it a robust
platform for validating autonomous driving algorithms.

2) Evaluation for VIO: Firstly, we analyze the absolute
trajectory accuracy of different algorithms on several rep-
resentative trajectories. As shown in Table II, the results
demonstrate that our proposed method consistently main-
tains high accuracy. Next, we evaluate the heading angle
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TABLE II: APE errors of different algorithms on the NuScenes dataset (unit: m)

Scene  Length (m) Avg. Vel. (m/s) VINS-Fusion PL-VINS ROVIO LMC-VIO
Scene-09 185.12 9.64 48.58 42.49 38.42 1.29
Scene-23 151.16 7.79 13.93 12.08 192.32 1.22
Scene-24 90.43 4.68 10.08 11.33 27.04 1.13

LMCVIO
PLVINS
ROVIO
——ViNs

U

LMC-VIO
PLVINS
ROVIO
VINS

0

Yaw (%)

Fig. 8: Results of the yaw analysis
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Fig. 9: Yaw error analysis

Fig. 10: Scale error

error of the algorithm within selected scenes. Specifically,
we compute the absolute difference between the estimated
heading angle and the ground-truth value. The results are
presented in Figure 9, where the horizontal axis represents
the frame index and the vertical axis shows the absolute
heading angle error. We observe that in certain scenes within
the NuScenes dataset, missing lane markings lead to increased
yaw estimation errors. Finally, we estimate the scale error on
representative sequences. As shown in Figure 10, our method
consistently maintains a reliable and accurate scale estimation
across different scenarios. This demonstrates the effectiveness
of the proposed lane-based constraints in enhancing scale
consistency.

C. System Real-time Analysis

To verify real-time performance, we conducted evaluations
on multiple trajectory sequences. Table III presents the real-
time performance analysis of our system, showing the in-
cremental computational cost of each component. As the
lane detection and association modules are integrated with
the VINS-Fusion baseline, the processing time per frame
moderately increases. Crucially, the final LMC-VIO system
maintains a frame rate suitable for real-time operation in
autonomous driving applications.

TABLE III: System Real-time analysis

Method Processing Time (ms)/Frame  FPS
VINS-Fusion (Baseline) 45.0 £ 3.0 22.2

+ Lane Detection (CLRNet) 57.5+ 3.8 17.4

+ Lane Association (DeepSORT) 62.0 = 4.2 16.1
LMC-VIO (Complete System) 65.0 £4.5 15.4

D. Analysis

Our system is built on the VINS-Fusion framework to
achieve high-precision localization in highway environments.
However, practical deployment faces challenges due to the
unique feature distribution in such settings. Highways contain
sparse and less distinctive landmarks, with most extracted fea-
tures coming from roadside shrubs and dynamic objects such
as vehicles and pedestrians. These moving objects complicate
feature matching and can cause large localization errors.
During initialization, high vehicle speeds prevent sufficient ro-
tational motion, unlike handheld devices, leading to inadequate
rotational transformation information. Moreover, high speeds
exacerbate error accumulation in IMU pre-integration, reduc-
ing initialization accuracy. Poor initialization then propagates
through subsequent operations, diminishing overall system
stability and reliability.
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During the process of matching with the prior SD map, the
lane lines detected in the images are accurately aligned with
those in the map to constrain the camera’s scale parameters
and orientation. Incorporating these constraints into the local-
ization system’s optimization process significantly improves
overall accuracy. Specifically, the lane line matching process
leverages structured road information from existing maps to
provide critical geometric constraints for visual-inertial fusion,
effectively reducing IMU drift and correcting visual sensor
failures caused by lighting changes or dynamic occlusions.

In complex scenarios such as rainy conditions, faded mark-
ings, or lane occlusions caused by traffic congestion, when a
lane line is missing, the occluded segment can be reconstructed
using the lane completion model. In areas where all lane
markings disappear, the system applies a buffering strategy,
using the constraints from the last valid lane model as the
initialization prior. While this approach helps maintain con-
tinuity, it may introduce some instability in scale estimation.
However, our method has a critical limitation, it relies heavily
on the accuracy of the prior map. When the local accuracy
of lane lines in the map is poor, our scale and camera pose
estimation also degrade, and in some cases, this can even affect
the accuracy of the underlying VIO system.

V. CONCLUSIONS

Due to the suboptimal performance of existing visual-
inertial systems in highway environments, this paper proposes
a localization system LMC-VIO based on vehicle-end per-
ception and SD map matching. The system leverages lane
prior information provided by existing maps and constrains the
detected lane lines from image perception by matching them
with map data in terms of lane width and shape, ultimately
imposing constraints on the camera’s scale and heading angle.
Road segments on a highway in Wuhan were selected as test
scenarios.
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