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Abstract— Visual localization for mobile robots and intelli-
gent vehicles in prior LiDAR maps can achieve high accuracy
and low cost. However, algorithms for finding the cross-modal
correspondences between images and LiDAR map points are
not yet stable. In this paper, we propose a monocular visual
localization system in prior LiDAR maps, which is based on
the cross-modal registration to optimize the camera pose. To
align the point clouds from vision and LiDAR map, a point-
to-plane Iterative Closest Point algorithm utilizing semantic
consistency is designed, and a decoupling optimization strategy
is proposed to compute the affine transformation for the
monocular scale ambiguity. Experiments on KITTI dataset
show that utilizing the semantic consistency and geometric
information of the map makes our system competitive with
other methods. On the self-collected dataset, experiments on
different light intensities demonstrate the robustness of the
system in long-term localization tasks, and the ablation study
demonstrates the effectiveness of the proposed algorithms.

I. INTRODUCTION

With the wide application of mobile robots and intel-
ligent vehicles, a robust and accurate localization system
shows great significance. LiDAR-based methods can achieve
high precision, but the high cost of sensors hinders their
promotion. Global Navigation Satellite System (GNSS) for
localization is widely used, but its performance highly
depends on the environment which gets invalid in indoor
scenarios. The visual localization method gets concerned for
the inexpensive camera sensors and the wide range of appli-
cation scenarios [1]–[4]. To promote the application of visual
localization, the difficulties lie in improving the accuracy and
robustness. Specifically, the goal is to use camera sensors to
obtain accurate and stable localization in prior maps, and
the difficulty of map-based visual localization is to find the
connection between camera images and map elements.

Using a camera to build the prior map is the traditional
method. Hand-crafted visual descriptors [5]–[7] can be used
as map elements in some light-stable scenes but will fail
with illumination changes as they are sensitive to light.
Although features from neural networks [8]–[10] make up
for the above shortcomings, the model needs to be retrained
as they are difficult to generalize to various scenarios, which
limits its application. Semantic information exists in camera
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Fig. 1. This paper proposes a monocular localization system on LiDAR
semantic map. The top left figure is the monocular image with features and
the bottom left is the semantic segmentation. As the right figure shows,
with the semantic visual 3D points (bright) and their corresponding LiDAR
points in the map (translucent), accurate vehicle trajectory (green curve) can
be computed.

images, and some studies [11]–[14] show that explicitly
marking some semantic elements in the map, such as lane
lines, zebra crossings, etc., can improve the accuracy of
visual localization. However, these works mainly focus on
the semantic information of road markings, which limits their
application scenarios.

Cross-modal localization has recently received attention,
specifically, using LiDAR to build a prior map and then
using a camera to localize in it. The LiDAR point cloud is
not affected by light and can be used as a map element,
which provides accurate geometric information and long-
term stability. However, it is difficult to find the corre-
spondences between the LiDAR point cloud and visual
images. Some methods [15], [16] use structure from motion
(SFM) to recover 3D visual point clouds from consecutive
images, and then convert the visual localization task to a
point cloud registration problem. But the traditional Iterative
Closest Point (ICP) [17] algorithm is not satisfactory in this
cross-modal registration task. The traditional ICP algorithm
uses geometric information to achieve the matching process,
which has a better performance in the point clouds from the
same sensor. But the point clouds obtained by the camera and
the LiDAR show a tremendous difference in accuracy and
density, and a more robust registration algorithm is needed.
Semantic information also exists in the LiDAR point cloud
and can be used in the map. The recent work SemLoc [18]
uses semantic LiDAR maps to introduce semantic elements
into the optimization of SMF and achieves state-of-the-art
accuracy in visual localization. However, their method lacks
explicit identification of the semantic map elements, which
makes some unmatched map points also participate in the
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optimization of localization. This shortcoming reduces the
system’s accuracy and limits the application.

Based on the demands above, a cross-modal monocular
visual localization system on LiDAR semantic map is pro-
posed in this paper. Aiming at the problem that the visual
feature map is sensitive to illumination variation, the seman-
tic LiDAR point cloud map is used to achieve long-term
stability. The proposed system achieves accurate cross-modal
visual localization based on the designed semantic point-
to-plane ICP and decoupling optimization strategies, which
robustly align visual point clouds with map LiDAR point
clouds. Fig. 1 shows a monocular image with corresponding
semantic segmentation, and the tracking trajectories can be
obtained in the prior map. The main contributions of our
work are as follows:
• A monocular visual localization framework for mobile

robots and intelligent vehicles is proposed, which can
provide the accurate 6 degrees of freedom (DoF) pose
in the prior LiDAR semantic map.

• A novel registration method for cross-modal point
clouds from camera and LiDAR is designed, which uti-
lizes semantic consistency and a decoupling optimiza-
tion strategy to improve the cross-modal registration
accuracy.

• Experiments on KITTI dataset [19] and the self-
collected dataset demonstrate the validity of our system,
which achieves competitive performance in localization
tasks.

II. RELATED WORKS

Map-based visual localization methods have attracted the
attention of many researchers recently. The main idea of them
is to find correspondences between images and elements
in the map, which can eliminate accumulated errors in
movement.

3D LiDAR point cloud map is a long-term map with
rich geometric information, and approaches of using the
camera to achieve cross-modal localization have developed in
recent years. [15] reconstructs the visual point clouds from
monocular consecutive images and turns the localization
task into point clouds registration task, which is solved
by the optimizing nonlinear least squares problem. Based
on the registration idea, point-to-plane ICP is proposed for
the visual point clouds in [16]. To overcome the geometric
difference of cross-modal point clouds, the deep learning al-
gorithm is introduced in [20] to extract a subset of the LiDAR
map, and invariant geometric properties can be obtained.
Besides the point-level registration, feature-level connections
between LiDAR map and visual point clouds, like lines [21]
and surfel [22], are used in camera localization. Although
the LiDAR map is stable and precise, a robust and accurate
visual matching algorithm for it is currently lacking.

In addition to registration between LiDAR map points and
visual points, importing map points as constraints in the op-
timization of visual localization can also improve accuracy.
The gaussian mixture model is used in [23] to introduce map
points into the visual odometry, and the structure consistent

can provide geometric constraints. In [24], [25], LiDAR map
gets involved in pose graph optimization, which reduces
odometry drift in their system. For a stereo camera system
in [26], depth information can be calculated via binocular
disparity, and reducing residuals between the LiDAR map
and the constructed depth can improve localization accuracy.
Deep learning method like [27] use a neural network to
project map points to visual images and achieves high
localization accuracy in datasets. However, the introduction
of map elements lacks explicit identification, so mismatching
in some scenarios is a common problem.

Compared to the LiDAR point cloud map, the semantic
map contains more information, and is more suitable for
intelligent vehicles. Modern structured scenes, with map
markers such as lane lines and zebra crossings, can be used
as map elements to assist localization. A traffic semantic map
can be built in a crowd-sourced way in [13], and can be used
for a long time. The registration idea is considered in [13],
which uses the ICP algorithm to compute transformation
between map and perceptual semantic segmentation of lane
lines. Some researchers [11] annotate the location of lane
lines in the road, and determines the camera pose through
a coupled relation between map elements and images.
TM3Loc [28] uses semantic chamfer matching to combine
semantic features in maps and images, and achieves high
precision in outdoor large datasets. Compared to semantics
in structured scenes, semantic information at the macro
level such as road, building, and so on could broaden the
application scenarios of vehicles. SemLoc [18] uses these
semantics to build a prior map, and map elements provide
data associations as additional constraints to optimize the
camera poses. The semantics provides more information,
but how to use semantics to achieve robust and accurate
localization requires a further exploration.

Considering that semantic information is shared in pre-
built semantic maps and images, we proposed a monocular
visual localization system, which utilizes semantic consis-
tency to find correspondences in cross-modal point clouds.
To solve the scale ambiguity of monocular cameras and mis-
matching in cross-modal registration, we propose to optimize
the camera pose and scale using a decoupling strategy.

III. PROPOSED METHOD

A. System Overview

With consecutive monocular images F , {F1,F2, . . .Fi}
and a prior LiDAR map M as the inputs of the system, our
target is to obtain TM0Mi , the 6DoF pose estimation of the
camera in the map. The optimization idea of our system is
based on registration. The monocular visual odometry can
provide a rough camera pose without scale. After matching
the visual point cloud with the map point cloud, the affine
transformation matrix can be obtained through registration,
which describes the relationship between the visual point
cloud and the map point cloud. By applying this transforma-
tion to the rough pose in visual odometry, the precise camera
pose can be obtained.
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Fig. 2. System overview. The localization system includes three modules: visual odometry(red dotted box), map management(blue dotted box), and point
clouds register & pose optimizer(orange dotted box). With the visual point cloud and map point cloud, the registration can be realized via the semantic
consistency and our decoupling optimization strategy, and the camera pose of visual odometry can be optimized.
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Fig. 3. The flow chart about how to build the prior semantic LiDAR
map. With the extrinsic matrix of LiDAR and camera, combined with the
camera model, the LiDAR points can be projected onto the image, and the
category of each points can be annotated according to the result of semantic
segmentation of the image. This simplifies the creation of semantic LiDAR
maps

As shown in Fig. 2, the localization system includes three
modules:
• Visual Odometry: based on the consecutive monocular

images, ORB-SLAM3 [2] can provide unscaled 6DoF
pose and visual 3D points. Semantic segmentation net-
work [29] can label each pixel and corresponding 3D
points.

• Map Management: as the vehicle moves on the map, the
map management module will extract local map points
based on the current location for the registration.

• Registration and Optimization: for the visual point cloud
and local map point cloud, the registration module uses
semantic consistency to align the cross-modal point
clouds. With the 7DoF transformation matrix (6DoF for
pose and 1DoF for scale), optimized vehicle pose in the
map can be obtained.

Although semantic segmentation network can recognize
more than ten categories, our system classifies them into
abstract categories. The types of vegetations and the types
of roads are not classified. Dynamic semantic objects such

as vehicles and pedestrians are removed, and other static
objects are uniformly marked as buildings. For any point p
from visual odometry or LiDAR map, its corresponding label
satisfies:

label (p) ∈ {road, vegetation, building}

B. Prior Map Construction and Management

Considering the high cost and time-consuming of manu-
ally annotated semantic point cloud maps, visual semantic
segmentation is used to build the prior map. The mapping
process is shown in Fig.3: with the extrinsic matrix of the
camera and LiDAR, the camera model can be used to find the
corresponding image pixel of the 3D point, and the semantic
information of the point can be obtained by the network [29].
Use the pose provided by Real-Time Kinematic (RTK) to
overlay multi-frame point clouds to create the map.

The map management module is based on the work in
[16]. The normals of each point will be calculated after the
loading of the map, which is an offline operation and will
be used later. The local map extractor can update the local
map based on the current camera location on the map. The
map point cloud PMi of the local map for current frame Fi

is presented as M0PMi in homogeneous coordinates.

C. Visual Odometry and Scale Initialization

For image frame Fi, visual odometry provides its 6DoF
pose without scale TC0Ci ∈ SE(3) in the visual coordinate
system. Based on the visual local map, visual point cloud
PCi

for image frame Fi can be obtained, which is presented
as C0PCi

in homogeneous coordinates.
Scale is unknown for pure monocular systems, while a

rough scale relation between the computed odometry and
the real odometry is necessary. In our system, scale is
recovered in the initialization based on the ground point
aggregation method. With the semantic information, visual
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Fig. 4. Schematic diagram for point-to-plane ICP with semantic consis-
tency. (a) shows how to use semantic consistency to find corresponding
points, (b) to (d) shows the decoupling optimization strategy for the
registration.

points belonging to the ground can be obtained, and the
outliers can be filtered with a random sample consensus
(RANSAC) plane fitting. The average height of these points
hc, combined with the height of the camera in the real world
hr, can be used to calculate the scale: s0 = hr/hc

D. Preprocessing for Registration

Since the scale information of the monocular image is in-
accurate, the affine transformation of the visual point cloud in
the global coordinate system will easily lead to mismatches
of registration. Therefore, we design a registration coordinate
system TM0Mk

that changes periodically with the camera
movement. It is necessary to transform the visual point cloud,
map point cloud and camera pose into this coordinate system,
which is conducive to reducing point cloud mismatches and
error accumulation. For the visual point cloud PCi

and map
point cloud PMi

, they can be transformed to the registration
coordinate system by:

{
MkPCi = (TM0Mk

)−1TM0C0
C0PCi

MkPMi = (TM0Mk
)−1M0PMi

(1)

where TM0Mk
is the pose of frame Fk in the map, and k is

updated periodically. TM0C0 is the initial camera pose in the
map and is considered to be known.

E. Point-to-Plane ICP with Semantic Information

For the registration task, the optimization target is to
find an affine transformation matrix Si between MkPCi

and
MkPMi :

Si =

(
siRi ti

0 1

)
(2)

where Si ∈ Sim(3), si ∈ R, Ri ∈ SO(3), ti ∈ R3.
The general ICP algorithm iterates the following two basic

steps: find the correspondences between point clouds, then
minimize the error function. The registration task of monoc-
ular visual point cloud and LiDAR point cloud faces great
difficulties in these two steps: when finding correspondences,

cross-modal point clouds have large differences in geometric
features, so additional information is required as a constraint;
when minimizing the error function, due to the uncertainty
of the monocular scale, the optimization of nonlinear error
function will fall into a local optimum and the optimization
variable will be degraded. To solve the above problems, a
semantic point-to-plane ICP with a decoupling optimization
strategy is designed as follows, and the schematic diagram
is shown in Fig. 4.

For each visual point pc ∈ MkPCi , use the initial 7DoF
transformation matrix Si to find its candidate corresponding
map points Pm = {pmj |pmj ∈ MkPMi

, j = 1, 2, ...,K}.
Based on the KD-Tree algorithm, nearest K neighbors at
Sipc can be efficiently found. Semantic consistency is used
for selecting the best corresponding map point pm in the
set Pm. Among the candidate points found by K-nearest
neighbors, the map points that have the same semantics as
the target point are closer at the semantic level. Based on
the point-to-plane ICP [30], pm should satisfies:

pm = arg min
pm∈Pm

{λ(Sipc − pm)T Φpm(Sipc − pm)} (3)

λ =

{
1, label(pc) = label(pm)

+∞, others

where Φpm
is the orthogonal projection matrix and can

be computed by using the normal vector at pm and
Gram–Schmidt process.

With the correspondences between MkPCi and MkPMi , Si

can be computed with a decoupling optimization strategy,
which includes three steps:
• for the initial Si, fix Ri and ti, optimize the scale si.
• inherit Si from previous step, fix Ri, optimize the scale
si and the translation ti.

• inherit Si from previous step, optimize the rotation Ri,
the scale si and the translation ti.

The nonlinear optimization is solved with g2o [31], and the
final Si is iteratively optimized by:

arg min
Si∈Sim(3)

∑
pc∈MkPCi

{(Sipc − pm)T Φpm
(Sipc − pm)} (4)

F. Derivation of Pose in Map
The above point cloud matching and pose optimization are

completed in the registration coordinate system. To obtain
the global pose of the vehicle on the map, the following
calculations are required. The optimized pose TM0Mi of Fi

in map can be computed as:

TM0Mi
= TM0Mk

TMkMi
= TM0Mk

(Si � TMkCi
) (5)

where TMkCi
= (TM0Mk

)−1TM0C0
TC0Ci

and the � defines
the caculation between S ∈ Sim(3) and T ∈ SE(3):

S � T =

(
sRS tS

0 1

)
�
(
RT tT
0 1

)
(6)

=

(
RSRT sRStT + tS

0 1

)
∈ SE(3)
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TABLE I
ABSOLUTE TRAJECTORY ERROR(ATE) COMPARISON WITH DIFFERENT APPROACHES ON KITTI DATASET

KITTI
Seq.

Stereo Stereo+Map Monocular Monocular+Map

Stereo ORB
SLAM [2]

Stereo
DSO [3]

Kento
et.al [16]

Mono ORB
SLAM-s [2]

Mono
DSO-s [4]

Kento
et.al [16]

Map
ORB3 [2]

SemLoc
[18] Ours

00 1.1788 4.0934 0.7948 69.975 89.982 13.185 1.2282 1.4865 0.5765
05 0.7117 2.2656 2.0590 27.804 42.608 4.0380 1.9438 0.7221 0.4783
06 0.7171 2.7914 0.4104 42.322 113.57 - 1.8498 5.8789 0.7412
07 0.5031 2.8913 0.4262 13.067 13.108 - 1.2217 3.3182 0.6630
08 3.2105 3.0611 2.5680 40.576 83.141 - 3.4051 3.7445 1.2784
09 3.0213 4.0643 1.7039 44.566 38.841 - 2.4278 0.8810 0.7168
10 1.9542 0.6593 0.8555 4.9303 10.472 - 1.8145 1.0039 0.5023

Note: ’-s’ means scale correction. Bold fonts indicate the best results. The evaluation metric is average ATE, and the unit is meter.

IV. EXPERIMENTS

The proposed system is evaluated on KITTI Odometry
dataset [19] and the self-collected dataset. Quantitative exper-
iments with other localization methods are conducted on the
KITTI. Besides, we use a vehicle to collect data on campus
scenarios. In the first scene, three sequences were recorded
at different times and with different illumination, which can
evaluate the impact of light changes on the system in long-
term localization tasks. Besides, the vehicle collected both
structured and unstructured road data in the second scenario,
which can evaluate the applicability and robustness of the
system. The dataset contains images from the monocular
camera and LiDAR point clouds from Panda40P, totaling
over 7000 frames for localization. The ground truth of
vehicle pose is from inertial and GNSS navigation systems
with RTK.

The initial pose in the map is supposed to be known as a
precondition for all experiments. As for semantic segmen-
tation, we used the network in [29] with the pre-trained
model. Average absolute trajectory error (ATE) is used as
the evaluation metric for quantitative experiments. The unit
of ATE is the meter and the lower value is better.

A. Quantitative Evaluations on KITTI Dataset

The performance of several influential visual SLAM sys-
tems, ORB-SLAM3 [2] and DSO [3], [4], are compared with
our system. As for the map-based methods, Map ORB3 [2]
uses image data to build the map with the visual feature
ORB, and then uses the same image data to locate the map.
Kento et.al [16] use LiDAR point cloud maps to achieve
cross-modal localization with stereo or monocular images.
SemLoc [18] is a semantic-map-based visual localization
system, which performs state-of-the-art accuracy, and our
system is compared with its monocular mode.

As shown in Table I, for the monocular odometry meth-
ods [2], [4], due to the scale drift, they perform a low
localization accuracy after scale correction. For the stereo
odometer methods [2], [3], limited by the accumulated error,
the localization accuracy will decrease during long-distance
motion. Our proposed method benefits from the prior map,
and the absolute scale can be constrained in the monocular
odometry, which enables our system to significantly reduce

the trajectory error and perform competitive monocular ac-
curacy with stereo odometry.

In the map-based approaches, Map ORB3 [2] shows im-
pressive accuracy, but using ORB features as map elements is
not robust to illumination changes. Besides, inaccurate visual
features in maps lead to low precision. In the cross-modal
solution provided by Kento et.al [16], the monocular mode
failed in many sequences because of the scale ambiguity,
and the stereo mode performs low accuracy due to the
lack of algorithm design for cross-modal data. For the
semantic-map-based methods SemLoc [18], the monocular
scale degradation can easily happen due to the lack of
explicit discrimination of map elements, which leads to low
precision in some sequences. For the data association across
modalities, we use semantics to match images and point
clouds. For the problem of monocular scale uncertainty, our
decoupling optimization strategy prioritizes the optimization
of the scale value, thereby reducing the mismatch between
point clouds. With accurate monocular scale information, a
higher localization accuracy can be obtained.

B. Long-Term Localization under Different Light Intensities

Visual localization methods are sensitive to light inten-
sities, which limits their usage in long-term localization
task. In this subsection, we test the performance of our
system at different light intensities. On the first day, we built
the map and captured the image sequence SJTU01 when
the illumination was medium. After 15 days in the same
scene, we captured the image sequence SJTU02 in strong
illumination at midday and the image sequence SJTU03 in
weak illumination at dusk. The different light conditions
are shown in Fig. 5. Compared with the scene when the
map was built, the vegetation and roadblocks in the scene
have changed after 15 days, but our map has not been
updated accordingly, which is a challenge to localization.
As a comparison, Map ORB3 [2] based on the visual map
is also experimented with the above data.

The quantitative results are shown in Table II. Map
ORB3 [2] uses visual features which do not have long-term
stability in outdoor scenarios, and the localization failed after
15 days. As for our system, even if the vegetation and other
elements in the scene have changed significantly in the past
15 days after the map building, the system can still complete
the localization in the map, which reflects the robustness of
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Fig. 5. Data overview for the long-term localization experiments. Top Left:
prior LiDAR map for these evaluations. Top Right: medium illumination in
SJTU01; Bottom Left: strong illumination in SJTU02; Bottom Right: weak
illumination in SJTU03.

TABLE II
SYSTEM PERFORMANCE ON DATA WITH DIFFERENT CONDITIONS IN

THE SAME SCENARIOS.

Seq.
Conditions ATE

Length Light Past Days ORB3 [2] Ours

SJTU01 484.5m Medium 0 day 5.130 0.818
SJTU02 364.7m Strong 15 days failed 0.971
SJTU03 470.2m Weak 15 days failed 0.979

our method and the reusability of the semantic LiDAR map.
As for the experiments on the illumination, results show that
semantics are effective in strong or weak illumination and
accurate localization can still be obtained. This subsection
proves that it is feasible to use semantics to connect visual
images and LiDAR point cloud maps, and the semantic
point-to-map ICP with a decoupling optimization strategy
can make full use of semantic consistency to estimate the
monocular camera pose. As for the run-time, the system can
operate at about 10 Hz on the self-collected dataset.

C. Ablation Study on Campus Scenarios and KITTI

On campus dataset SJTU01 and SJTU04, ablation exper-
iments are taken to examine the effect of each algorithm
in our system. Fig. 6 shows the qualitative comparison of
trajectories under different configurations, and corresponding
quantitative results are in Table III. Visual odometry without
a map shows serious trajectory drift, which is caused by
scale drift and error accumulation. When a LiDAR map
is introduced and the camera pose gets optimized with a
basic point-to-plane ICP between map and visual points, the
estimated locations get closer to the ground truth trajectory.
However, due to the point cloud mismatch, the quantitative
error is still large. Semantic map can reduce the occurrence
of mismatch by finding correspondences with same seman-
tics, which directly improves the accuracy of the SJTU01
and SJTU04 trajectories. After decoupling optimization is
introduced to the semantic ICP process, more accurate scale
estimation can further reduce the mismatch of point clouds,
so that the system can perform more accurate monocular
localization results.

Fig. 6. Trajectory comparison of the ablation study. The trajectories
(left: SJTU01, right: SJTU04) are qualitatively compared under different
configurations. ’VO’ means visual odometry; ’-s’ means scale correction;
’Map’ or ’S-Map’ means LiDAR map or semantic LiDAR map; ’DO’
means decoupling optimization. The corresponding quantitative results are
in Table III.

TABLE III
QUANTITATIVE ANALYSIS OF ABLATION STUDY.

Method
Sequences

SJTU01 SJTU04 KITTI06 KITTI07

SemLoc [18] - - 5.878 3.318
VO-s 4.656 2.136 45.77 11.10
VO+Map 8.215 4.676 25.50 failed
VO+S-Map 2.024 1.273 3.375 0.765
VO+S-Map+DO(Ours) 0.818 1.166 0.741 0.663

On the KITTI dataset, the KITTI06 and KITTI07 se-
quences are selected to compare our system with Sem-
Loc [18]. In SemLoc [18], semantics are used as landmarks
to take part in the pose optimization process, which does not
explicitly handle the mismatches problem and gets sensitive
to scale uncertainty in monocular mode. With the semantic
map and traditional ICP algorithm, our visual localization
already performs better accuracy than SemLoc [18], and
the decoupling optimization can further improve the perfor-
mance. That is because, our strategy for semantic informa-
tion and the decoupling optimization process is explicitly
designed to handle mismatch and scale uncertainty, and the
qualitative evaluation of KITTI shows its robustness.

V. CONCLUSIONS

In this paper, a cross-modal monocular camera localization
system is proposed, which utilizes semantic consistency
and geometric information in the prior LiDAR map. In
order to solve the cross-modal registration problem be-
tween the visual point cloud and LiDAR point cloud, a
semantic point-to-plane ICP algorithm is designed with a
decoupling optimization strategy to solve scale ambiguity in
monocular odometry. In the experiments on KITTI dataset,
our system achieves better performance than other state-
of-the-art visual localization methods with semantic maps.
On the self-collected dataset, the experiments about light
intensity demonstrate the system ability to achieve accurate
results in long-term localization tasks, and the ablation study
demonstrates the effectiveness of the strategies in the system.
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